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Abstract
To meet strict requirements of the information society technologies, antennas and circuit elements are
becoming increasingly complex. Frequently, their electromagnetic (EM) properties cannot be anymore
expressed in closed-form analytical expressions mainly because of the multitude of irregular geometries
found in actual devices. Therefore, accurate and ecient (in terms of computational time and memory)
electromagnetic models coupled with the robust optimization techniques, are needed in order to be
able to predict and optimize the behavior of the innovative antennas in complex environments.
The contribution of this thesis consists in the development and improvement of accurate electro-
magnetic modeling and optimization algorithms for an ubiquitous class of antennas, the planar printed
antennas. The approach most commonly used to model and analyze this type of structures is the In-
tegral Equation (IE) technique numerically solved using the Method of Moments (MoM). From the
computational point of view, the main challenge is to develop techniques for ecient numerical evalu-
ation of spatial-domain Green's functions, which are commonly expressed in terms of the well-known
Sommerfeld integrals (SIs), i.e., semi-innite range integrals with Bessel function kernels. Generally,
the analytical solution of the SIs is not available, and their numerical evaluation is notoriously di-
cult and time-consuming because the integrands are both oscillatory and slowly decaying, and might
possess singularities on and/or near the integration path. Due to the key role that SIs play in many
EM problems, the development of fast and accurate techniques for their evaluation is of paramount
relevance. This problem is studied in detail and several ecient methods are developed. Finally, the
applicability of one of these methods, namely the Weighted Averages (WA) technique, is extended
to the challenging case appearing in many practical EM problems: the evaluation of semi-innite
integrals involving products of Bessel functions.
However, the development of eective analysis codes is only one aspect. At least equally important
is the availability of reliable optimization techniques for an adequate design of antennas. For that
purpose, the Particle Swarm Optimization (PSO) algorithm is introduced in the context of our
analysis codes. Moreover, the innovative hybrid version of the PSO algorithm, called the Tournament
Selection PSO, has been proposed with the aim of even further improving convergence performances
of the classical PSO algorithm. Detailed theoretical description of this socially inspired evolutionary
algorithms is given in the thesis. Finally, the characteristics of both algorithms are compared
throughout several EM optimization problems.
Keywords: Computational Electromagnetics (CEM), convergence accelerators, Double-
Exponential (DE) quadrature formulas, extrapolation techniques, Green's functions (GFs), Integral
Equations (IE), multilayered substrates, Particle Swarm Optimization (PSO) algorithm, planar strat-
ied media, Sommerfeld integrals (SIs), Weighted Averages (WA) method.
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Resume
Pour repondre aux exigences strictes des technologies de l'information, les antennes et les elements de
circuit deviennent de plus en plus complexes. Leurs proprietes electromagnetiques (EM) ne peuvent
souvent pas e^tre exprimees sous forme de formules explicites, principalement en raison de la multitude
de geometries irregulieres que l'on trouve dans les dispositifs reels. Par consequent, an d'e^tre en
mesure de prevoir et d'optimiser le comportement d'antennes innovantes en environnement complexe,
des modeles electromagnetiques precis et ecaces (en termes de temps de calcul et d'utilisation de la
memoire), couples avec des techniques d'optimisation robustes, sont necessaires.
La contribution de cette these consiste au developpement et a l'amelioration de technique
de modelisation electromagnetique precises et d'algorithmes d'optimisation destines a une classe
d'antennes omnipresentes : les antennes imprimees planaires. L'approche la plus couramment utilisee
pour modeliser et analyser ce type de structures est la technique des Equations Integrales (\Integral
Equations" , or IE) resolues numeriquement gra^ce a la methode des moments (\Method of Moments",
or MoM). Du point de vue du calcul par ordinateur, le principal de consiste a developper des tech-
niques permettant une evaluation numerique ecace des fonctions de Green dans le domaine spatial,
qui sont generalement exprimees en termes d'integrales de Sommerfeld (IS), soit des integrales a do-
maine semi-inni dont le noyau est une fonction de Bessel. En general, la solution analytique des ISs
n'est pas disponible, et leur evaluation numerique est notoirement dicile et de longue haleine car les
integrandes sont a la fois oscillatoires et lentement decroissants, et peuvent presenter des singularites
a proximite du contour d'integration. En raison du ro^le cle que jouent les ISs dans de nombreux
problemes EM, le developpement de techniques rapides et precises permettant leur evaluation est
d'une importance primordiale. Ce probleme est etudie en detail et plusieurs methodes ecaces sont
elaborees. Finalement, l'applicabilite de l'une de ces methodes, a savoir la nouvelle technique des
moyennes ponderees (\Weighted Averages", or WA), est etendue au cas dicile apparaissant dans de
nombreux problemes EM pratiques : l'evaluation des integrales a domaine semi-inni impliquant des
produits de fonctions de Bessel.
Cependant, le developpement de logiciels d'analyse ecaces n'est qu'un aspect. Au moins d'egale
importance est la disponibilite de techniques d'optimisation ables pour l'optimisation et la concep-
tion d'antennes. A cette n, l'algorithme d'optimisation par essaim de particules (\Particle Swarm
Optimization", or PSO) est presente dans le cadre de nos programmes d'analyse. En outre, la ver-
sion hybride de l'algorithme PSO, appelee \Tournoi de Selection PSO", a ete proposee dans le but
d'ameliorer encore les performances de convergence de l'algorithme PSO Classique. Une descrip-
tion theorique detaillee de cet algorithme inspire de l'evolution sociale est proposee dans la these.
Finalement, les caracteristiques des deux algorithmes sont comparees a travers plusieurs problemes
d'optimisation EM.
Mots-cles: electromagnetisme numerique (CEM), accelerateurs de convergence, formules quadra-
tiques a double-exponentielle (DE), techniques d'extrapolation, fonctions de Green (GFs), equations
integrales (IE), substrats multicouches, algorithme d'optimisation par essaim de particules (PSO),
milieux straties planaires, integrales de Sommerfeld (SIs), methode des moyennes ponderees (WA).
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1 Introduction
Antennas are a key constituent of all terrestrial, airborne and space based wireless multime-
dia, communications and sensor systems. Their functions are fast evolving, driven by the
demanding needs of the Information Society Technologies. There is still a lot of research and
innovation to accomplish in traditional antenna areas, like base stations and satellite antennas
for telecom and remote sensing. But also, there are new challenging problems appearing. An-
tennas are deeply integrated into complex systems. They are used as biological sensors (Body
Area Networks, BAN) and as identication tags (Radio Frequency Identications, RFID).
They are essential for navigation (Global Positioning Systems, GPS) and monitoring of Earth
resources and natural disasters. They must cope with increasing demands in bandwidth/bit
rate (Ultra Wide Band antennas, UWB) and channel capacity (multiple input/multiple out-
put, MIMO). They use the electromagnetic properties of new materials (metamaterials, plas-
monics) and the most advanced technologies (Radio Frequency Micro Electro Mechanical
Systems, RF-MEMS). And, of course, they must keep pace with fast developments in the
area of wireless telecommunications (Wi-Fi, WiMax systems).
Nowadays, applications are calling for more and more performant antennas and circuits. In
order to meet strict requirements, antennas and circuit elements are becoming increasingly
complex. At the most fundamental level, antennas are characterized by their electromagnetic
properties. It is the electromagnetic (EM) analysis of the antenna that yields the basic
parameters (input impedance, radiation pattern, etc) which will in turn allow the denition
of the antenna properties at the subsystem and system levels. Today, EM analysis is greatly
facilitated by the ever-increasing resources of computers and it has led to the discipline of
computational electromagnetics (CEM) to which this thesis belongs.
The most advanced commercial computer aided design (CAD) tools available today on the
market, in conjunction with powerful computers, allow analysis of complicated electromagnetic
structures with a relatively long computational time for a single simulation. Therefore, these
tools are not convenient for handling optimization of large and/or complicated environments.
Taking into account a trend towards the use of higher and higher frequencies, it is clear that
the need for ecient numerical tools cannot be addressed by relying only on the increase
of computer speed and memory. In this context, the development of accurate and fast ele-
ctromagnetic models coupled with the ecient optimization techniques is a must, providing
substantial reductions in overall computational time and allowing a much welcome exibility
to the designer. The goal of this thesis is to face some of these theoretical challenges and
to develop some numerically ecient algorithms, that should contribute towards the accu-
rate modeling and optimization of complex multilayered antennas, thus avoiding the iterative
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design cycle with costly and time-consuming experimental prototypes.
1.1 Numerical modeling
All electrodynamic phenomena at a macroscopic level are described by Maxwell's equations
already established in the 19th century. Although in principle this set of equations provides
the whole eld of electrical engineering with a concise and complete mathematical founda-
tion, a majority of the structures used today are complex enough to prevent their analytical
resolution. Therefore, the existence of powerful and robust CAD tools, providing on the one
hand very accurate and reliable nal results, and being on the other hand, ecient in terms
of computational time and memory, becomes essential. The proper trade-o between these
two antagonistic features is a key attribute of a good CAD tool, and can be achieved only by
optimally combining the advantages of numerical and analytical techniques.
Before the appearance of high-speed personal computers (PCs), it was mandatory to manip-
ulate analytical solutions into forms that required minimal numerical eort. While in former
times a lot of eort was invested in analytical manipulations with the aim of minimizing the
numerical eort, nowadays, computer time is commonly used to reduce analytical eorts. The
constantly growing power of PCs makes practicable methods of solution too repetitious for
hand calculations [1]. A signicant portion of research today is numerically oriented, to the
extent that one could believe that analytical techniques have become of secondary impor-
tance. However, without analysis, numerical methods are at a signicant risk of degenerating
into brute force methods with low accuracy and robustness. It is clear that analysis will
continue to play important role, although with a dierent emphasis. Since it is no longer
necessary to seek solutions that are easy to compute, new analytical methods should be moti-
vated and governed by the need of stable numerical evaluation. Moreover, future progress in
our capability to solve problems of increasing scale size and complexity depends critically on
the development of appropriate analytical tools and on the insight into underlying physical
phenomena that analysis brings about [2].
The numerical solution of Maxwell's equations for electromagnetic elds for a given struc-
ture and specied environment (boundary conditions) is called computational electromagnetic
simulation. The eld computations can be performed either in time or in frequency domain.
While the frequency domain approach is appropriate when all the media are linear, in the
case that the structure to be simulated contains nonlinear active devices, time domain analysis
must be used. Recently, the development of pulse-based communication systems has led to the
increasing practical relevance of time-domain techniques. Among them, the most commonly
used approach is nite-dierence time-domain (FDTD) method. A well known commercial
FDTD tool is SEMCAD [3]. Another well-known software based on time-domain approach,
but using Finite Integration Technique, is CST Microwave Studio [4]. The typical examples of
frequency domain techniques are dierential-equation based Finite Element Method (FEM)
and full wave solution of integral equations by Method of Moments (IE-MoM). The former is
used for general three-dimensional structures, while the latter one is specially well-suited for
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analysis of structures with homogeneous or piecewise homogeneous dielectrics, as for example
planar microwave and millimeter wave circuits and antennas. Well known commercial soft-
wares based on those approaches are ANSOFT DESIGNER and HFSS [5] (FEM), WiPL-D [6],
MAGMAS [7], FEKO [8] and ADS-Momentum [9] (IE-MoM), among others.
1.1.1 Planar structures
Planar technologies, in which thin metallizations are embedded within stratied dielectric me-
dia, are one of the most popular and successful approaches to build circuits and antennas in
microwaves and millimeter waves with a good performance-to-price ratio. In the modeling of
printed circuit elements, such as microstrip interconnects terminated by complex loads, patch
antennas and printed dipoles, it is generally accepted that algorithms based on IE, using MoM
discretization procedure, are the most ecient and rigorous for the analysis of multilayered
structures. Any integral equation formulation starts by setting up the boundary conditions
that must be satised by electromagnetic eld [10]. Depending on the type of boundary con-
ditions used, the obtained formulation is an electric eld integral equation (EFIE), a magnetic
eld integral equation (MFIE), or a combined eld integral equation (CFIE). The EFIE can
be solved either in spectral domain, or in space domain, where it is usually transformed into a
mixed potential integral equations (MPIE). For multilayered structures, MPIE formulation is
generally considered to be the best choice, since it combines the eciency of integral operators
for open planar stratied geometries with weakly singular kernels [10{13].
1.1.2 Green's functions and Sommerfeld integrals
The key step in any IE formulation is the construction and evaluation of the associated Green's
function (GF), dened as the eld or potential created by unit source embedded in layered
media and playing the role of the mathematical kernel in the integral equation. In the case of
stratied structures, the space-domain Green's functions required in the process of lling the
MoM matrix, are commonly expressed in terms of well-known Sommerfeld integrals (SIs) [14].
Generally the analytical solution of the SIs is not available, and their numerical evaluation,
even with the state-of-the-art techniques, is very time-consuming. Thus, the development of
fast and accurate techniques for their evaluation is of paramount importance.
1.2 Optimization techniques
The latest advances in mathematical theory and the availability of fast computers have given
great relevance to global optimization techniques, and more specially to those called evolu-
tionary techniques, as an alternative to traditional gradient-based local-search optimization
methods [15, 16]. The well established global optimization techniques are Simulated Annealing
(SA) [17], Genetic algorithm (GA) [18{21], Ant colony optimization [22], and more recently
developed Particle Swarm Optimization algorithm [23{25], among others. These optimization
techniques belong to the class of heuristic methods, i.e., the strict mathematical proof of their
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convergence after nite number of iterations does not exist. Moreover, since they involve
stochastic elements, they do not necessarily produce the same solution each time. Never-
theless, they have been showing plenty of promise in various elds ranging from engineering
and computer science to nance, due to their ability to handle nonlinear, multidimensional
problems. Furthermore, they are particularly suitable for real-life optimization problems,
for which no a priori information is available, as they do not make any assumptions about
the optimization problem. Basically, these stochastic methods attempt to simulate natural,
biological, or even cultural evolution, depending on the nature of the process they mimic.
PSO algorithm, based on an analogy with the social behavior of the swarm of bees, has
emerged during the last years as an attractive alternative to other heuristic optimization
methods. It has been continuously gaining popularity since it was introduced by Kennedy and
Eberhart in 1995 [23], particularly because of its implementation simplicity and its relatively
fast convergence. The method was rst used by the antenna community in 2004 [24] and it
was shown to be very ecient for electromagnetic problems [25]. In this thesis, we introduce
the PSO algorithm in the context of optimization of multilayered printed antennas. In order
to even further improve its overall performance, a novel hybrid Tournament Selection PSO
(TS-PSO) algorithm is suggested.
1.3 Objectives
The work presented within this manuscript has been developed in the frame of European
COST action IC0603 ASSIST (2008-2011) [26], in which many European research groups
and universities have been involved. The generic research goal was the development of not
redundant and numerically ecient algorithms, allowing accurate modeling and optimization
of complex electromagnetic structures.
The rst objective of this thesis was to develop specic numerical techniques for ecient
calculation of Sommerfeld integrals (SIs), ubiquitous in the analysis of problems involving
antennas and scatterers embedded in multilayered media. It is well-known that calculation
of SIs is a cumbersome and time-consuming task. The problem of the ecient evaluation of
the SIs, although nowadays a classic one, it still attracts a lot of attention, which is witnessed
by numerous publications on this topic [11, 27{43]. Having in mind that SIs need to be
repeatedly evaluated in the process of lling the MoM matrix, it is clear that, in the case of
objects placed in multilayered media, lling the MoM matrix might take a sizeable part of the
computational load involved in the solution of the MPIE via MoM. Therefore, ecient and
fast computation of SIs is of paramount relevance. Several methods for ecient evaluation of
SIs are currently available [11, 27{43]. However, due to the key role that SIs play in many
EM problems possible improvements are always worth being investigated, and any improved
algorithm is always welcome.
The second objective of this thesis is related to the development of ecient optimization
techniques for EM applications. In particular, since in the design process of an EM structure
an EM simulator must be run for many times in order to obtain the structure with the specied
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characteristics, the development of ecient analysis codes is only one aspect. At least equally
important is the availability of reliable optimization techniques. Assuming the availability of
ecient analysis tools, the most relevant challenge is probably that of developing optimization
approaches that are robust against the occurrence of false, non optimal solution. For that
purpose, the PSO algorithm has been introduced and studied in detail. Moreover, since
the EM simulation is frequently the most time-consuming part of the optimization process,
designers need ecient optimization algorithms, in terms of the total number of EM solver
calls. In this context, in order to further improve convergence of the PSO algorithm, a binary
tournament selection strategy successfully used in GA is introduced to the classical PSO
algorithm, leading to a new hybrid algorithm, called Tournament Selection PSO.
1.4 Outline
This section summarizes the contents of the chapters in the thesis. Each chapter contains
selective literature review substantial for the material presented in it.
Chapter 2 presents several newly developed techniques for ecient numerical evaluation
of SIs, arising in the formulation of Green's functions for planar multilayered problems.
The SIs are known to be very dicult to evaluate because of the oscillating and slowly
converging nature of their kernels, as well as the possible occurrence of surface-wave
poles and branch-point singularities in the integrand. First, in order to be able to
separately treat these two problems, the semi-innite integration interval is split into
two parts. Then, a new method, based on the double exponential transformation, is
proposed for the real-axis integration of the rst part of the integral. For the compu-
tation of the remaining SI tail, two new techniques are developed: a new version of the
Weighted Averages (WA) algorithm and a specially tailored Double Exponential (DE)
quadrature formula. Superior performance of the newly developed techniques, in terms
of computational cost, is demonstrated throughout a series of representative numerical
experiments.
Chapter 3 extends the applicability of the new WA method to the evaluation of semi-innite
integrals involving products of Bessel functions. This type of integrals can be found in
numerous problems in electromagnetics [44{46], as well as in the other elds [47{49].
First, the case of product of two Bessel functions of the rst kind and of an arbitrary
order is describes in detail. The method makes use of extrapolation of sequence of
partial sums, and requires rewriting the product of Bessel functions as a sum of two well-
behaved (asymptotically simply oscillating) functions. The superior performance of the
proposed method is demonstrated throughout numerical experiments. Furthermore, by
following the same philosophy, i.e., by representing the irregular oscillatory behavior of
the integrand as a linear combination of functions with asymptotically simple oscillating
behavior, the method is generalized to the product of an arbitrary number of Bessel
functions of the rst and/or second kind and/or sine/cosine functions. The correctness
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of the generalized method is demonstrated through an example of an integral containing
a product of three Bessel functions of the rst kind. The solution to the additional
complications arising in the case when the integrand involves a Bessel function of the
second kind (caused by its singular behavior at the origin), is also suggested.
Chapter 4 introduces the basic concepts of Particle Swarm Optimization algorithm. The
binary tournament selection strategy is then introduced to the classical PSO algorithm,
in order to further improve its performances. Finally, both the classical PSO and this hy-
brid version of PSO, called Tournament Selection PSO algorithm, are applied to several
layered media problems, in order to compare convergence performances of these algo-
rithms. The obtained results demonstrate that the tournament selection signicantly
speeds-up the convergence of the PSO algorithm.
Chapter 5 summarizes the thesis and highlights the original contributions. It discusses also
the possible future work directions that might be followed, inspired by this thesis.
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2 Ecient computation of Sommerfeld
integrals
2.1 Introduction
The early development of planar printed circuits for the microwave applications was mainly
driven by the need of low-cost microwave circuits, and their use for radiating purposes was not
immediately evident. First, the microstrip line was developed as a normal evolution of the two
wire and coaxial transmission lines. Despite the radiation losses due to their open nature, the
use of microstrip lines was rapidly expanding particularly because of their easy integration
with other microwave circuits and very easy manufacturing process. Although already in
1953 Deschamps introduced the microstrip antenna concept, when studying radiation loss
of planar printed circuits, it was only in early 1970s that the antenna community started
considering the possibility of using microstrip structures for radiation purposes. Nowadays,
planar technologies, in which thin metallizations are embedded within stratied dielectric
media, are considered as one of the most popular and successful approaches to build circuits
and antennas in microwaves and millimeter waves with a good performance-to-price ratio,
like the dual polarized eight element subarray SAR antenna [1] whose radiating element is
depicted in Fig. 2.1(a) and 8 8 corporate-fed array of patches [2] shown in Fig. 2.1(b).
The need to satisfy all sorts of requirements, ranging from electromagnetic to thermal and
mechanical behavior of the system elements, especially in space applications, in many cases
can be fullled only by using very complex multilayered structures. Although the experimental
characterization of all parts of such a complicated system is possible, it would be unacceptably
time-consuming and expensive. Therefore, we need fast and accurate software tools for the
electromagnetic analysis of these structures, which allow ecient computer-aided design of
the dierent parts of satellite systems.
One of the most proven mathematical models to analyze multilayered structures is based
on the integral equation formulations, combined with a Galerkin Method of Moments (MoM)
approach for the numerical solution [3{5]. Among several possible variants, the Mixed Po-
tential Integral Equation (MPIE) formulation is generally considered to be more ecient for
numerical modeling of arbitrarily shaped printed circuits, because its kernel is only weakly
singular. Indeed, the kernel singularities in MPIE correspond to the 1=R singularities of EM
potentials, while other formulations like EFIE and MFIE show in their kernels the singularity
of the EM eld (1=R2 or 1=R3).
When the integral equation model is applied to a multilayered substrate, the preliminary
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(a) SAR antenna radiating element. (b) Layout of build test-sample 88 array of patches [2]
Figure 2.1: Real-life multilayered working setups.
step is the accurate determination of its kernel, which corresponds to Green's functions (GFs)
associated with the layered medium. Green's function is dened as the eld or potential
created by unit source (electric or magnetic dipole) embedded in layered media. Therefore,
in the engineering terminology, GF is nothing else but the impulse response of a system.
Since the system is linear, the superposition principle applies: the potentials/elds resulting
from any nite source can be determined by dividing this source into an innite number of
elementary dipoles, and by adding (integrating) the contributions of all the sources [6].
The theoretical foundations for the computation of elds and potentials in multilayered
structure were developed in [7], where it was established that the Green's functions can be most
easily determined in the Fourier transform domain (also called spectral domain), reducing the
original problem to that of solving an equivalent transmission line network. It is shown, that
by considering two dual networks (for TE and TM waves), all the components of the spectral-
domain GFs associated with arbitrary excitations (electric or magnetic, oriented along x, y or
z axis) can be represented in closed-form expressions in terms of electric parameters (currents
and voltages) [8{10].
Once the spectral-domain GFs have been determined, they have to be transformed back in
the space domain, using inverse Fourier transform. In the case of multilayered structures, it is
well known that this Fourier-Bessel transformation reduces to an one-dimensional integral of
the complex spectral variable k over a semiinnite interval, usually known as the Sommerfeld
integral (SI) [11].
Sommerfeld integrals are very complex and time consuming to evaluate, because of the
oscillatory and slowly decaying nature of the integrand, as well as the presence of singularities
on and/or near the integration path in the complex spectral k-plane. Over the last 30 years,
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researchers have intensively worked on ecient methods for the evaluation of SIs, that are
valid for all distances between eld and source points. Generally, several methods have been
proposed in order to tackle this problem, which can be roughly categorized into two main
families. First, we mention the closed-form Green's functions methods (see [12{18] among
others), where no numerical integration is needed. Instead, the integrand (spectral-domain
Green's function) is approximated via a nite sum of special functions, such that their SIs
admit analytical evaluation. Although via the aforementioned methods, GFs need to be
evaluated only once for all transverse distances, the lack of a robust a priori error control still
remains a critical challenge for the future.
As an alternative, the second family consists of all methods that are based on the numerical
integration of the SIs. There are mainly two diculties arising when numerically evaluating
SIs. The rst one is related to the presence of an oscillating integrand which converges slowly,
or even diverges, and which has to be considered over an innite interval. The second diculty
is due to the possible existence of the singularities in the integrand. However, by adequately
dividing the integration interval, those problems can be always treated separately. Since the
integrand of SI is dened in the complex plane, numerous integration paths can be selected for
its evaluation (see for example [19]). Among them we should mention the real-axis integration
deformed into the rst quadrant of the complex plane, to avoid surface-wave poles and branch-
point singularities of Green's functions, using rectangular [20], elliptic [21] or alternatively
half-sine [22] integration paths (see Fig. 2.2), which is considered by many authors as the most
convenient choice, since it obviates the need of locating the poles. Integration along the real
axis combined with the pole extraction techniques is also widely used [23, 24]. Choosing either
of those approaches calls for the special treatment of the SI tails, like the so-called integration-
then-summation procedure combined with one of the numerous extrapolation techniques for
the convergence acceleration. Among them, the weighted averages (WA) method is proven to
be one of the most ecient [25, 26].
Alternatively, one could also choose the direct integration of the SIs, based on Euler and
double-exponential (DE) transformations, as suggested in [27{30]. Finally, a somewhat hybrid
approach was introduced in [31], where the integrand of the SI tail is tted by a sum of nite
complex exponentials, similar to the philosophy of closed-form Green's functions methods,
leaving a remainder to be numerically evaluated.
In this chapter, we address the problem of numerical evaluation of the SIs. Even with
the state-of-the-art techniques, the evaluation of the space-domain GFs from their spectral-
domain counterparts may take the dominant part of the overall computation eort involved
in the solution of MPIE. Therefore, the problem of the ecient numerical evaluation of the
SIs, both in terms of accuracy and computational cost, is of paramount relevance.
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Figure 2.2: Possible integration paths for the computation of Sommerfeld integrals (choice a =
k(
p
("riri)max + 1) assures that there are no singularities for k > a).
2.2 Sommerfeld integral
With reference to the generic layered media of Fig. 2.3, the Sommerfeld-type integrals can be
written as follows [23, 26]:
Snf ~G(k; zjz0)g = 14
Z +1
 1
~G(k; zjz0)H(2)n (k)kdk (2.1)
or,
Snf ~G(k; zjz0)g = 12
Z 1
0
~G(k; zjz0)Jn(k)kdk (2.2)
where ~G is the spectral-domain Green's function of the layered media, Jn is the Bessel function
of the rst kind of order n, H(2)n is the Hankel function of the second kind of order n,  is the
horizontal distance between the eld and source points, and z, z0 are the vertical coordinates
of those points, respectively. Notice that the passage from (2.1) to the traditional form (2.2)
is done using the symmetry properties of Hankel function [32], and the fact that the function
~G(k; zjz0) is always an even (odd) function in k for even (odd) n [8{10].
It is well known that the evaluation of SIs is very delicate, because of the following reasons:
1. The integration domain extends to innity;
2. The integrand exhibits oscillatory behavior due to the Bessel function;
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Figure 2.3: Generic stratied media showing a point source (level z0) and a eld observation point
(level z) separated by a radial distance . The medium can be terminated on the top
and/or on the bottom by a perfect electric conductor (PEC), perfect magnetic conductor
(PMC) and impedance plane.
3. The integrand's envelope is slowly converging or even diverging;
4. The spectral-domain function ~G(k; zjz0) presents in general surface-wave poles and
branch-point singularities on and/or near the integration path.
Since the numerical techniques to be used for evaluation of the Sommerfeld integrals are
closely dependent on the behavior of the integrand, we should rst proceed with the precise
discussion of the properties of the Bessel and spectral-domain Green's functions in the complex
k-plane. Special attention must be paid to the particular topology of the complex spectral k-
plane due to the existence of the surface-wave poles, branch points, branch cuts and associated
Riemann sheets.
Surface-wave poles
Spectral-domain Green's function poles are located on the real axis of the complex k-plane,
if the structure is considered without losses. If, moreover, the structure is bounded by a
lower ground plane and radiates into the open half space, the surface-wave poles are located
within the [k; k
p
("riri)max] interval, where k = 2f
p
"00, and "ri and ri are the relative
permittivities and permeabilities of dierent layers [33], and "0 and 0 are vacuum permittivity
and permeability. If the structure is closed by an upper ground plane, the GFs may exhibit
poles also in the [0; k] region, which correspond to the waveguide modes. In the case of lossy
media, poles migrate from the real axis to the fourth quadrant of complex k-plane [34].
The previous paragraph discusses conventional layered media consisting of double posi-
tive (DPM) or right-handed materials (RHMs), which is the problem we are focussing on
throughout this manuscript. However, because of the increasing interest of our community in
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(a) Grounded slab made of RHMs.
(b) Grounded slab made of MTMs.
Figure 2.4: Poles and branch point in complex k-plane for lossless grounded slab (a =
k
p
("riri)max).
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Table 2.1: Spectral properties of complex modes on lossless DNG, ENG, MNG and DPS grounded
slabs.
TE TM
double-negative proper proper
-negative proper improper
"-negative improper proper
double-positive improper improper
materials with negative magnetic permeability ( < 0) and/or negative dielectric permittiv-
ity (" < 0), a word must be said about the peculiar features of EM wave propagation when
such materials are involved in multilayered geometry. Usually, these materials are called left-
handed materials (LHMs), or negative (refractive) index materials (NIMs), or, even more
general metamaterials (MTMs), and they include: double negative materials (DNM, ";  < 0)
and single negative materials (SNM), which can be either -negative (MNG) or "-negative
(ENM).
Modal properties of multilayered media with MTMs have been studied by several groups,
and they mainly focus on a lossless grounded slab made of MTMs (see [35{38], among others).
For this type of geometry there are three dierent types of poles. First, similarly to the
case of DPMs, poles located within the region [k; k
p
("riri)max] can be found in the case
of grounded metamaterial slab. They correspond to ordinary surface (OS) modes, which
are transversely attenuating only on the air side. Besides them, one has to also consider
real poles in the region k > k
p
("riri)max, which correspond to evanescent surface (ES)
modes, transversally attenuating on both sides of the air-slab interface. Finally, in addition
to real modes, complex surface (CS) modes may also exist on a grounded metamaterial slab.
In isotropic structures, the corresponding GF's poles in the complex k-plane form always
groups of four (lying on the proper Riemann sheet), symmetrically placed with respect to
the real and imaginary axes [35, 36]. They have high cuto frequency, which means they
only exist when the frequency is lower than their respective cuto frequency. This property
implies two facts: an innitive number of complex surface modes exist at any frequency
and they cannot be suppressed. However, the investigation on the Pointing vectors shows
that their integrals along the longitudinal directions are zero, i.e., they don't transport any
energy [37]. Nevertheless, this by no means implies that they are unimportant. Although
these complex poles will not directly contribute to the SI of the mixed-potential GFs if the
integration is performed along the real axis, they have to be taken into account when the
integration contour is deformed in the rst quadrant of the complex k-plane, since there is a
possibility of capturing a nite number of these poles [38]. Then, the calculation of residues
at captured poles is needed. The spectral properties of the CS modes for dierent kinds of
lossless grounded slabs are outlined in Table 2.1.
Finally, the above discussion is summarized in Fig. 2.4 depicting the allowed regions for the
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existence of all the operating modes, and the possible integration path for evaluation of SI,
for the case of a lossless grounded slab. For the sake of illustration, only one of the four CS
mode groups (in the rst quadrant of the complex k-plane) is depicted in Fig. 2.4(b) for the
slab made of MTMs.
Branch-point singularities
For half-opened structures, a second type of singularities occurs at the branch point k = k,
where k is the wavenumber of the opened half space. The branch cuts are associated with the
vertical wavenumber
kz =
q
k2   k2 (2.3)
which is a double-valued function of k. In order to satisfy the radiation condition at innity,
kz has to be taken with negative imaginary part, which is referred to as the proper Rie-
mann sheet. For the multilayered media under consideration, there are vertical wavenumbers
associated with each layer, but only the sign of the imaginary parts of those related to the un-
bounded regions will be relevant for the evaluation of the space-domain Green's functions [7],
which can be intuitively understood from the propagation point of view. Since in bounded
layers the waves are traveling in both directions, the choice of the sign of the wavenumber is
irrelevant. Nevertheless, since in the unbounded layers the waves are traveling away from the
source only, the sign of the wavenumber must be selected accordingly [39]. Finally, double-
opened structures have two branch points: one associated with the rst layer (layer #1), and
the second one associated with the last layer (layer #(N + 1), see Fig. 2.3).
Asymptotic behavior of the integrand
As the integral (2.2) extends to innity, it is important to understand the behavior of the
integrand for the large values of k. The spectral-domain GFs arising in the layered media
have the asymptotic form:
~G(k; zjz0)  e
 kjz z0j
k
(C +O(k 1 )) (2.4)
where C is a constant, and the exponent  can be easily determined by inspection of the
relevant expressions for spectral-domain GFs [8, 22]. The asymptotic behavior of the Bessel
function is given by [32]:
Jn(k) 
s
2
k
cos

k  n2  

4

: (2.5)
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2.3 Evaluation of the Sommerfeld integrals
Since the integrand in the SI (2.2) is dened in the complex domain, various paths of the
integration can be selected [19]. The common approach is to split the generic SI (2.2) into
two parts, (0; 0) and (0;1), as shown in Fig. 2.5:
Sn =
1
2
(In + Tn): (2.6)
The integration path for In joins the origin to a point 0 > a on the real axis, chosen so to
guarantee that there are no singularities for Re(k) > a. When evaluating this integral, special
attention has to be paid to the presence of the singularities in the integrand, which can be
treated in several ways. First, the integration path can be deformed into the rst quadrant of
the complex k-plane to avoid pole and branch-point singularities, which is usually considered
to be the most convenient approach in the case of multilayered media [8, 22], since it obviates
the need to extract the poles. In the case that one selects to perform the integration of In
along the real-axis path, the surface-wave poles have to be extracted and the residue theorem
has to be applied. An innite derivative of the integrand at a branch point must be eliminated
by using a change of variable [23], or by extracting its contribution in the spectral-domain
and adding it back analytically in the space domain [24].
C
a
Figure 2.5: Deformed integration path for the computation of Sommerfeld integrals.
The remaining integral Tn is the so-called SI tail. It is dened as a singularity-free
semi-innite integral on the real axis, that needs a special treatment because of its oscillating
and slowly decaying or even diverging integrand. The most common strategy is to calculate
the SI tail with the help of the integration-then-summation procedure, which transforms the
original integration problem into the problem of evaluating an innite sum of partial integrals
over nite intervals. Since the so-obtained sum converges very slowly, the direct summation
and truncation is out of question, because it would require an unacceptably high number of
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partial integrals. This deciency is circumvented by applying one of the numerous extrapo-
lation techniques that accelerate the convergence of the sum. Those techniques can mainly
be categorized into linear and nonlinear ones. As a typical example of linear transformation,
we mention the Euler method [40, 41], which is applicable only to alternating series, and the
more general-purpose weighted-averages (or generalized Euler) method [42{45]. On the other
hand, the Shanks transformation [46] and the generalized Levin transformation [47] stand
as two of the most representative members of the nonlinear methods. In practical problems,
the Shanks transformation is eciently implemented via a recursive scheme, i.e., the Wynn's
 algorithm [48], while in the Levin transformation, structural information of the sequence
is explicitly incorporated into the overall procedure, resulting in some of the most powerful
and most versatile sequence acceleration methods that are currently known [49]. A more
complete history of the previous work relevant to the extrapolation methods can be found in
the excellent monograph [50]. The performance of those methods when applied to SI tails is
studied in detail in [26], where the weighted averages method [6, 23, 26, 51], also referred in
the literature as Mosig-Michalski transformation [52], was shown to be the best choice for
the SI type of problems.
The above described numerical techniques, traditionally used in the evaluation of the Som-
merfeld integrals, are very ecient for small to moderate source-observer distances , but
become computationally heavy for large values of . For numerical evaluation of the spatial
domain Green's functions in the case of medium and large source-observer distances, a new
choice of the integration contour closed through the imaginary axis of the spectral k-plane
has been suggested in [51, 53]. This technique is not recommended for very small values of ,
because of possible numerical instabilities.
Another very interesting approach for the numerical evaluation of the SIs has been
suggested in [24], where the surface-wave poles, branch-point singularities and the asymptote
of the spectral-domain Green's function are annihilated in the spectral domain. Their
contributions are evaluated analytically and added back in the spatial domain. The integral
of the remaining smooth function is numerically evaluated. The main advantage of this
technique is the possibility to express the spatial domain GFs evaluated not too close to the
source as a sum of simple analytic functions with a well-known physical meaning: surface
waves and the dominant part of the space wave.
2.4 The rst part of the SI
The rst part of the SI can be written as:
In =
Z 0
0
~G(k; zjz0)Jn(k)kdk (2.7)
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where the upper limit of the integrand is chosen in a way that guarantees that there are no
singularities for k > 0. First, we recall the two most popular techniques for the evaluation
of the above integral: half-sine contour path integration [22] and the real-axis integration
combined with the pole extraction technique and variable transformation for treating the
branch-point singularity [23]. Then, we propose a general, accurate and ecient method for
integration of (2.7) along the real axis, that is valid and computationally inexpensive for both
small and large values of source-observer distances. The method uses a very robust auto-
matic algorithm for pole extraction, based on the sine transformation [54]. The problematic
behavior of the integrand at the branch point is taken care of by using the double exponential
transformation [55].
2.4.1 Half-sine contour integration
In this section we discuss the calculation of the rst part of the SI along the path partially
indented into the upper halfspace of the complex spectral k-plane. Here, we follow the
approach from [22] and express the integral (2.7) as:
In = Ina + Inb (2.8)
where the right-hand terms are dened as follows: Ina is the integral along the path deformed
into the rst quadrant of the complex k-plane in order to avoid surface-wave pole and branch-
point singularities:
Ina =
Z a
0
~G(k; zjz0)Jn(k)kdk: (2.9)
Its exact shape is not critical as far as the singularities are circled around. Conventionally, a
half-sine shape is employed, because of its convenient parametrization, namely:
k(t) = a  (1 + cos(2 (1  t))) + j  c  sin(

2
(1  t))) (2.10)
where a and c are the major and minor semi-axis of the half-sine (see Fig. 2.5). With this
parametric change of variable, Ina is transformed into the integral extended over a nite
interval of a function presenting no singularities in the integration path:
Ina =
Z 1
 1
~G(k(t); zjz0)Jn(k(t))k(t)dk(t)
dt
(2.11)
which can be easily evaluated using an adaptive quadrature based on Patterson's formulas [56].
The half-sine width
a = k(
p
("riri)max + 1) (2.12)
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is determined by the possible location of the poles. The following choice of the maximal sine
height c, recommended in [22],
c
k
=
8<:min

1; 1k

; if  > Rejz   z0j;
1; otherwise:
(2.13)
is governed by the exponential growth of the Bessel function when k departs from the real
axis [32]. The problem is as follows. For large values of the horizontal source-observer distance
, the argument of the Bessel function becomes large, leading to an unacceptable numerical
error associated with the evaluation of the Bessel function. A possible remedy to this problem
is to decrease the value of the maximal height c of the half-sine as  increases, bounding the
argument of the Bessel function in the non-numerical error region. However, the maximal
height of the half-sine cannot be made arbitrarily small, since then the integration path
would pass very close to the singularities related to the spectral-domain GF poles, resulting
again in numerical inaccuracies. As good trade-o, the choice (2.13) for the half-sine height
c has been proposed. This somewhat arbitrary choice is experimentally proven to give very
good results.
The integral Ib is the real-path integral from a to the rst break point 0 exceeding a, and
is dened as:
Inb =
Z 0
a
~G(k; zjz0)Jn(k)kdk: (2.14)
Possible choices for the breakpoints i include the asymptotic half-periods, exact zero crossings
and extrema of the Bessel functions [26]. This integral is well-behaved and can be eciently
evaluated by an adaptive quadrature based on Patterson's formulas [56].
2.4.2 Real-axis integration
There are mainly two problems arising in the real-axis integration of the rst part of the
Sommerfeld integral (2.7). The rst one is related to the singular behavior of the integrand
due to the presence of the surface-wave poles on and/or near the integration path. The solution
to this problem consists of subtracting a well-chosen analytic function showing the behavior
needed to eliminate the diculty in question and re-adding the same function after analytical
inverse Fourier transformation, i.e., rst subtracting the surface-wave poles in spectral domain
and then adding their contribution in the spacial domain analytically. For the extraction of the
surface-wave poles of multilayered spectral-domain Green's function, the ecient automatic
algorithm proposed in [54] is used. The second diculty is due to an innite derivative
of the integrand at the branch point k, related with the open half-space of the structure.
As a solution, we propose to split the integration interval of (2.7) into two parts: (0; k)
and (k; 0), and evaluate each of them with the help of the double exponential quadrature
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formula [55], which has been shown to be very ecient for the integrals with integrable
endpoint singularities.
2.4.2.1 Pole extraction
The problematic singular behavior of the spectral-domain Green's function can be annihilated
by subtracting the spectral function [24]:
fsing =
NpX
i=1
fPising =
NpX
i=1
4P 3i Ri
k4   P 4i
(2.15)
where Pi is the position of the i-th pole, Ri is its residue and Np is number of poles. The
corresponding spatial function can be calculated analytically as:
Fsing =
NpX
i=1
FPising =
NpX
i=1
2PiRi( j2H
(2)
0 (Pi) K0(Pi)) (2.16)
where H(2)0 is the Hankel function and K0 is the modied Bessel function, both of the 2
nd
kind and order 0. Although this procedure looks very easy, locating the spectral-domain
GFs' surface-wave poles can be a very demanding task, especially in the case when those
poles lie close to the branch point. Actually, this diculty is one of the main reasons why
the real-axis integration has not been more exploited.
For simple geometries, such as single-layered structures, the modied Newton-Raphson
algorithm is commonly used for locating the poles. However, this method is limited to simple
structures, since in the case of more complicated geometries, nding suitable starting points
for the Newton-Raphson algorithm is often extremely dicult. In [57] a method for automatic
extraction of the poles was proposed, but the existence of the branch points prevented nding
the poles located very close to k. This deciency is successfully solved in [54], by embedding
in [57] a proper sine transformation:
k = k sinw (2.17)
which removes the branch cut of the Green's function. In the transformed w-plane, the branch
point becomes a regular point, and therefore in the w-plane all the poles can be eciently
located, regardless how close to the branch point they were in the original k-plane. The
merits of this algorithm are numerous. Not only it works for general multilayered media,
whether shielded or opened, lossy or lossless, but it can be embedded in the routines for
numerical evaluation of SIs in a fully automatic way. Moreover, in the case of complicated
geometries at high frequencies, when the number of poles can be large, the computational
time is only slightly increased.
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2.4.2.2 Treatment of branch-point singularities
Once the poles are extracted, the remaining spectral-domain GF to be integrated shows a
very smooth behavior, except at the branch point k, where it exhibits a removable singularity
due to the presence of the term
q
k2   k2. Therefore, by extracting the poles and splitting
the integral (2.7) into two parts, (0; k) and (k; 0), the original problem boils down to the one
of evaluating integrals with endpoint singularities.
These integrals cannot be eciently evaluated using standard interpolatory quadrature
rules, like for example Gauss-Legendre formulas, since those are only suitable for the integrals
that are regular at the endpoints of integration interval. One possibility to tackle this problem,
is to apply the variable transformation that eliminates the innite derivative at k, as suggested
in [23]. For the integral over the interval (0; k) the variable transformation is given as:
k = k cos (t) (2.18)
and for the integral over (k; 0) as:
k = k cosh (t): (2.19)
After the variable transformation, one obtains a very smooth integrand, which can be inte-
grated by an adaptive quadrature based on Patterson's formulas.
The alternative we propose is a new method using the double exponential (DE) quadrature
formulas to evaluate integrals over (0; k) and (k; 0). The DE quadrature was rst proposed
by Takasaki and Mori in 1974 [55], as a result of intensive research on numerical methods
for ecient numerical evaluation of integrals with endpoint singularities, which arise in many
practical problems. Since the DE quadrature is based on the appropriate tanh-sinh transfor-
mation, it represents a general purpose quadrature, which is generally so ecient as to be used
as one of the members in the mathematical subroutine library [55]. DE formulas are already
incorporated into the well known mathematical software, such as Maple and Mathematica.
In this section we aim to introduce the DE quadrature formulas in the context of SIs.
Double exponential transformation
We will conne ourself to the following integral:
I =
Z 1
 1
f(x)dx (2.20)
without loss of generality, since the discussion can be easily generalized to the integralR b
a f()d by applying the change of variables  = (b  a)x=2 + (b+ a)=2. Since Takahasi and
Mori in [58] had already proven the optimality of the trapezoidal formula with equal mesh
size for integrals of analytic function over ( 1;1), it was quite natural that they focused
on the variable transformation which maps the interval ( 1; 1) into ( 1;1). Therefore, the
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following transformation
x = (t) (2.21)
which we assume is analytic over ( 1 < t <1) and satises
( 1) =  1; (+1) = 1 (2.22)
transforms the original integral (2.20) into the following one:
I =
Z 1
 1
f((t))0(t)dt (2.23)
which can be eciently solved with the help of the trapezoidal formula:
Ih = h
1X
k= 1
f((kh))0(kh)dt: (2.24)
The remaining point is now the optimal selection of the change of variable x = (t). The
main idea is based on the Euler-Maclaurin formula [59]: if the selected transformation is
such that all its derivatives tend suciently rapidly to zero as t  ! 1, then even if the
function f(x) or its derivatives have an integrable algebraic singularity at the endpoints,
they will disappear within the smooth and fast convergence of the new integrand f((t))0(t)
at innity. In these cases, according to the Euler-Maclaurin argument, the quadrature error
should decrease faster than any power of h.
Among numerous transformations that fulll the Euler-Maclaurin argument, Takahasi and
Mori aimed to nd the optimal one, which gives the highest accuracy with the minimal
number of function evaluations. So, in order to pursue the optimal transformation, they
continued with the following analysis. Basically, when approximating the integral (2.20) with
the innite sum (2.24), the discretization error is introduced. Then, in order to evaluate this
sum, we must truncate it, introducing the second type of error: truncation error. Suppose
now, that we choose the transformation x = (t) which makes the decay of the integrand in
(2.23) too fast as t  ! 1 and we keep h at a moderate value. If now the double innite
summation is truncated at the moderate value of k = n, the truncation error becomes
small. However, the mesh size h becomes relatively large compared with the variation of
the integrand f((t))0(t), making the discretization error very large. On the contrary, a
transformation that makes the decay of the integrand f((t))0(t) insuciently fast, leads
to a small discretization error, since now the mesh size h becomes relatively small compared
with the variation of f((t))0(t). However, if we truncate the summation at the same
k = n, the truncation error becomes large, since the terms we are neglecting are not yet
small enough. Therefore, we have to choose the transformation with the optimal decay of
the integrand, leading to a good trade-o between the truncation and discretization errors.
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Based on this reasoning, the following transformation was proposed by Takahasi and Mori
[55]:
x = (t) = tanh

h 

2
sinh (t)

: (2.25)
It is called double exponential transformation because of the double exponential (DE) decay
of 0(t) as t  !1:
0(t) =

2 cosh (t)
cosh2
 

2 sinh (t)
  O exp 
2
exp(jtj)

: (2.26)
In the literature it is also referred to as the \tanh-sinh" technique. The above discussion,
on which the discovery of the transformation (3.30) is based, is quite intuitive, and the rig-
orous mathematical proof of the optimality of the selected transformation can be found in [60].
The nal DE formula is obtained by truncating the double innite sum in (2.24):
I
(N)
h = h
nX
k= n
f

tanh

2
sinh(kh)
 
2 cosh(kh)
cosh2
 

2 sinh(kh)
 ; (2.27)
where N = 2n + 1 is the number of the points in quadrature rule. The key feature of the
superior performance of the DE formulas, when compared to other quadrature rules designed
to handle endpoint singularities, lies in the fact that via the DE transformation one can
approach the endpoint singularity as close as one wants, because of the innite number of
points of the DE rule in the neighborhood of the endpoints [61].
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Remarks on the implementation of the DE transformation
In order to eciently use the DE transformation, special attention must be paid to the
coding. According to [62], careless coding might be one of the main reasons that prevented
faster spread of the DE formula.
There are basically two problems arising in the implementation of the DE formulas. The
rst and most severe problem is the loss of signicant digits. If the function f(x) has endpoint
singularity like (1+ x) 1+ or (1  x) 1+, where  is a small positive constant, a large error
due to the loss of signicant digits at x very close to  1 or 1 is often encountered. One
possible remedy for the aforementioned problem is to compute and store the following values:
 = 1 + x =
exp
 

2 sinh t

cosh
 

2 sinh t
 (2.28)
H = 1  x= exp
  2 sinh t
cosh
 

2 sinh t
 (2.29)
for t = kh, beforehand in addition to the values of the abscissas (kh) and weights 0(kh) of
the quadrature. This, of course, requires the a priori identication of the binomials (2.28)-
(2.29) in the integrand, reducing in many cases the generality of the DE scheme.
The second problem is related to the numerical underow and overow due to the denom-
inator of the weights in (2.27), as well as in binomials (2.28)-(2.29). Constraints imposed in
order to avoid the numerical underow and overow, when working in the double precision
format, lead to the following parametrization [63]:
n = 6  2M ; (2.30)
h =
1
2M
(2.31)
where M = 1; 2; 3; : : : is so-called level of the quadrature.
Two strategies of programming the DE quadrature are suggested in [63]. The rst one is
the general purpose scheme. It is based on truncating the series of weights and abscissas at
the point xk (k > 0), for which the following inequality holds: 1   xk < eps, ensuring that
1  x and 1+ x are never equal to zero. Here eps = 2 52 is the machine precision accuracy in
double-precision arithmetics. The nal truncated number of points is equal to N = 2k + 1.
The second strategy calls for a priori identication of the binomials  andH, which, as already
commented above, reduces the generality of such a scheme. However, in the class of problems
where it is easy to identify these binomials (as in the case of the branch-point singularity
problem for SIs), this scheme guarantees a much higher accuracy. In addition to the weights,
the binomials  and H have to be precomputed and stored. We do not truncate the series,
and therefore the actual number of the integration points is N = 2n+ 1 = 2  (6  2M ) + 1.
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Application of the DE transformation for the rst part of the Sommerfeld integrals
As already discussed in this chapter, if we want to perform the integration of the Sommerfeld
integral along the real axis, the singularities must be rst extracted. Then, the rst part of
the Sommerfeld integral (2.7) can be written as:
In =
Z a
0
( ~G(k; zjz0)  fsing)Jn(k)kdk (2.32)
where fsing dened in (2.15) is a function used to annihilate the singular behavior of the
spectral-domain Green's function in the proximity of the surface-wave poles.
After the removal of the pole singularities, the remaining spectral function ~G(k; zjz0) fsing
exhibits a smooth behavior, except at the branch point k = k, where it posses an innitive
derivative. This is due to the presence of the following term:q
k2   k2 (2.33)
in the spectral-domain Green's function. Since this problematic behavior is related to the
wavenumber of the open half-space of the structure under consideration k, we suggest to
decompose the integral (2.32) into two parts:
In = In;1 + In;2 =
Z k
0
( ~G(k; zjz0)  fsing)Jn(k)kdk +
Z a
k
( ~G(k; zjz0)  fsing)Jn(k)kdk:
(2.34)
Since the integrals In;1 and In;2 possess the endpoint singularities, they can be eciently
evaluated using the double exponential quadrature formulas. Moreover, the singularity is due
to the term (2.33), which can be written in a more suitable form:
q
k2   k2 =
q
(k   k)  (k + k) = k 
r
(1  k
k
)(1 +
k
k
)
x=
k
k= k 
p
(1  x)| {z }
H
(1 + x)| {z }

(2.35)
allowing easy identication of the binomials  and H. Therefore, as our target is to evaluate
the integrals In;1 and In;2 with the highest possible precision, the second implementation
strategy of the DE quadrature should be used.
2.4.3 Numerical results
Here we present various numerical results, in order to demonstrate the validity and eciency
of the above described approach for the evaluation of the rst part of the Sommerfeld integral
along the real axis using the pole extraction [54] and DE transformation methods.
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2.4.3.1 Example with analytical solution
First we consider the integral obtained from the well-known Sommerfeld identity and for which
an analytic solution exists. The Sommerfeld identity is given as:Z 1
0
e jkz jzj
jkz
J0(k)kdk =
e jkr
r
(2.36)
where r =
p
2 + z2 and kz =
q
k2   k2. The square root dening kz is to be taken with
negative imaginary part, in order to satisfy the radiation condition. In the case z = 0, the
integrand in (2.36) is purely imaginary for k < k, and purely real for k > k. Therefore,
the value of the integral over the interval (0; k) corresponds to the imaginary part of the
right-hand side term in (2.36), i.e.,:Z k
0
1q
k2   k2
J0(k)kdk =
sin (k)

: (2.37)
The integrand in (2.37) does not possess any surface-wave pole singularities, and we should
take care only of its problematic behavior at the branch point k = k.
First we shall show the strategy for evaluating this integral using DE quadrature formulas.
Introducing the transformation
x =
k
k
(2.38)
the above integral can be written in the following form:Z 1
0
1
k
p
(1  x)(1 + x)J0(kx)k
2xdx: (2.39)
Now, in order to map the integration interval from (0; 1) into (-1,1) we introduce another
change of variables:
x =
y + 1
2
) 1  x = 1  y
2
(2.40)
1 + x =
3 + y
2
(2.41)
that leads us to the nal form of the integral:Z 1
 1
1p
(3 + y)(1  y)| {z }
H
 J0

k
2
(y + 1)| {z }


 k
2
4
(y + 1)| {z }

dy (2.42)
which is very convenient for application of the DE quadrature. Furthermore, since the
binomials H and  are easily identied in the integrand, and our target is to compute the
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integral (2.42) with the highest possible accuracy, the second implementation strategy for
the DE quadrature is selected.
The integral (2.37) is also evaluated with the help of the variable transformation (2.18),
which transforms it into the following nite integral with a smooth integrand:Z 
2
0
J0(k cos t)k cos tdt (2.43)
that can be eciently evaluated using the adaptive quadrature based on Patterson's formulas.
As stopping criteria for the adaptive quadrature, two levels of error have been tested: 10eps
and 1000eps. The rst level of error is selected to test the performance of this approach when
we want to obtain results with the highest possible precision. However, in many practical
situation we can relax this condition, and we want to test its eect on the computational time.
The number of signicant digits of the obtained results, when the integral (2.37) is
evaluated with the help of the above described approaches, versus the normalized horizontal
distance between the source and observation points, k, is shown in Fig. 2.6(a). One can
see that the change of variable (2.18) together with the adaptive Patterson quadrature leads
to very accurate results for all values of  considered. In the case that the DE quadrature
is used to compute the integral (2.37), the required level M of quadrature depends directly
on the horizontal distance between the source and observation points, . For small values
of , already level M = 3 gives a result with 15 digits precision, which is considered to be
the exact result in double arithmetics. For higher values of , to reach this precision, higher
quadrature levels must be used.
Now we want to compare the above described dierent approaches in terms of compu-
tational times. Time needed for the evaluation of the integral (2.37) employing change
of variables (2.18) and setting the error of 10eps as the stoping criterion for the adaptive
Patterson quadrature is used as a reference computational time, TR. The time T needed to
evaluate the integral using other discussed approaches is compared with the reference time,
and the time gain, computed as log10(TR=T ), is depicted in Fig. 2.6(b). One can see that for
all the distances studied, the DE quadrature formulas signicantly reduce the computational
time, when compared with the time needed using the traditional change of variable (2.18)
together with the adaptive Patterson quadrature. More precisely, for small values of  the
computational time is reduced approximately 15 times, while for larger values of , the time
reduction is even more impressive. For example, for k = 103 the computational time is
reduced more than 300 times.
Indeed, the number of the integration points of the DE quadrature (for the second im-
plementation approach that we use) is directly determined by its level M , and is given as
N = 2n + 1 = 2  (6  2M ) + 1. Moreover, as can be seen from Fig. 2.6(a), the larger the
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Figure 2.6: Performance of the real-axis integration combined with the variable transformation (VT)
(2.18) and the DE quadrature for dierent levels of quadrature M when evaluating the
integral (2.37).
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distance between the source and observation points , the higher level of quadrature is needed
in order to obtain numerically accurate results. This calls for higher number of integration
points, and consequently for higher computational time. Note that if the level of the DE
quadrature is increased by 1, the number of integration points N increases approximately 2
times. However, since the associated weights and abscissas can be precomputed, the increment
in computational time is lower than 2. In the case of adaptive quadrature based on Paterson's
formulas, the computational time growth is signicant as  increases, especially in the case of
log10(k) > 1, due to the highly oscillating behavior of the Bessel function. Therefore, for the
large values of , method based on the DE quadrature results in the tremendous reduction of
computational time, as one can observe in Fig. 2.6(b).
2.4.3.2 Examples without analytical solution
Now, in order to further demonstrate the superior performance of our DE quadrature based
approach for the real-axis integration of (2.7) over the two commonly used methods, namely
the half-sine contour integration method and the real-axis integration method combined with
the change of variables (2.18)-(2.19), we proceed with several representative numerical exper-
iments. In all the examples we focus on the case when the source and the observation planes
coincide, i.e., z = 0. The upper limit of the integration interval in (2.7) is 0 = a+  , where
a is given in (2.12).
For the half-sine contour integration approach, the integral is decomposed into two subin-
tervals, (0; a) and (a; 0). In the region (0; a) the integration path is deformed into the rst
quadrant of the k-plane to circle around the pole and branch-point singularities, while the
integration over (a; 0) is performed along the real axis. Both integrals are evaluated using
the adaptive quadrature based on Patteroson's formulas [56]. Details related to this approach
have been already discussed in Section 2.4.1.
For the real-axis integration of (2.7), the singular behavior of the integrand in the proximity
of surface-wave poles (if they exist) is rst extracted. The integral is then split into two
parts, (0; k) and (k; 0). The integrals are evaluated using two methods. For canceling the
innite derivative of the integrand at the branch point, the rst method uses the traditional
change of variable (2.18) and (2.19) over (0; k) and (k; 0), respectively. The transformed
integrals are then evaluated with the help of the adaptive quadrature based on Patterson's
formulas. The second method uses the new DE quadrature for evaluating integrals over
(0; k) and (k; 0). Moreover, as our target is to evaluate integrals with the highest possible
precision we select the second implementation strategy.
All obtained results are compared in terms of accuracy and computational cost.
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The rst example: Sommerfeld identity
As the rst example we consider the following integral:Z 0
0
e jkz jzj
jkz
J0(k)kdk; (2.44)
based on the Sommerfeld identity (2.36). Analytical solution for this integral does not
exist. Therefore, we compute it following the half-sine contour approach using the adaptive
quadrature based on Patteroson's formulas [56] and setting as stoping criterion the accuracy
of 10eps in order to obtain a result with the highest possible accuracy. This result, IR, is used
as a reference. The time needed to evaluate the integral in this way is used as a reference
time, TR. Since in many practical applications it is possible to evaluate this integral with
relaxed error constrains, we have performed a numerical experiment setting the accuracy
of 1000eps as the termination criterion for the adaptive Patterson quadrature, in order to
examine its inuence on the accuracy and computational cost of the nal result. The integral
is also evaluated along the real axis employing the change of variable (2.18)-(2.19) (again
with two levels of tolerances tested: 10eps and 1000eps), as well as with the help of the DE
quadrature formulas. For each of the described approaches, the obtained value of the integral
I and the computational time T are compared with the reference results. The number of
signicant digits, evaluated as   log10 j(I   IR)=IRj, is represented in Fig. 2.7(a). To account
for possible uncertainties in the reference solution and for the incidental presence of error
propagation eects, we cautiously assume a result to be numerically exact if its relative
error is lower than 10 15 with respect to the reference results. The time gain, evaluated as
log10 (TR=T ), is plotted in Fig. 2.7(b).
It can be seen that in the case of evaluating the integral using the half-sine contour approach,
as well as using the real-axis integration combined with the change of variables (2.18)-(2.19),
highly accurate results are obtained for all considered values of . For the DE quadrature
formulas, highly accurate results are obtained as well, but the required level of quadrature
directly depends on the source-observer distance : the larger the distance, the higher the level
of the quadrature is needed, which consequently leads to higher computational time. Although
the DE formulas signicantly reduce the computational time for all the values of , the highest
reduction is obtained for large values of , when compared to the other two approaches. For
example, for log10(k) = 3, a DE quadrature of order 8 is needed to obtain numerically
accurate result, and the time reduction, compared to the half-sine approach integration, is
about 1000 times. The real-axis integration combined with a change of variables also leads to
the time reduction when compared with the half-sine contour approach, especially for small
values of . Nevertheless, the DE quadrature is computationally the most ecient method
for all the considered values of the source-observer distances , as can be seen in Fig. 2.7(b).
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Figure 2.7: Performance of half-sine contour approach combined with the adaptive quadrature based
on Patteroson's formulas and the real-axis approach combined with the variable trans-
formation (VT) (2.18)-(2.19) and with the DE quadrature formulas, for evaluation of the
rst part of the Sommerfeld identity (2.44), when z = 0.
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The second example: -derivative of the Sommerfeld identity
As the second example that we study:Z 0
0
e jkz jzj
jkz
J1(k)k2dk (2.45)
that is based on the  derivative of the Sommerfeld identity:Z 1
0
e jkz jzj
jkz
J1(k)k2dk = (1 + jkr)
e jkr
r3
(2.46)
Again, the value of the integral obtained following the half-sine contour path integration
approach is used as the reference, IR. As the terminating criterion for the adaptive quadrature
based on Patterson's formulas, the tolerance of 100eps is set, because the lower tolerance
(10 eps) required more than 1025 intervals to converge, which is unacceptable in terms of
the computational cost. The integral is also evaluated along the real axis, using two other
approaches. For each of them, the obtained value of the integral I and computational time T
are compared with the reference results. The number of signicant digits of the relative error
and the relative computational time are shown in Fig. 2.8. By using the real-axis integration
combined with the change of variables (2.18)-(2.19), the computational time is reduced when
compared with the half-sine contour integration. The reduction is higher (up to 30 times) for
lower values of , while for the higher values of  the time is reduced only 2-3 times. In the
case of evaluating the integrals using the DE quadrature approach one can see that, again,
the level of quadrature that must be used depends on the value of : the larger the distance
 the higher the value of the quadrature level is needed.
Once the appropriate level is chosen, highly accurate results are obtained. The time gain
is signicant for all the values of  considered. As in all previous examples, the larger the ,
the higher is the computational time gain. For the largest value of  considered ( = 103=k)
the computational time is reduced more than 300 times.
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Figure 2.8: Performance of the half-sine contour approach combined with the adaptive quadrature
based on Patterson's formulas and the real-axis approach combined with the variable
transformation (VT) (2.18)-(2.19) and with the DE quadrature formulas, for evaluation
of the rst part of the Sommerfeld identity (2.44), when z = 0.
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The third example: three-layers geometry
After the examples developed from the Sommerfeld identity, which possess only the branch-
point singularity, it is time to demonstrate the eciency of the proposed technique when
applied to an integral with surface-wave pole singularities.
For that purpose, we study the geometry consisting of a single-layer substrate of relative
permittivity "r = 4 and thickness d = , backed by a perfect electric conductor (PEC). A
horizontal electric dipole (HED) is at the interface and the frequency is 8 GHz. We focus
on the integral arising in the evaluation of the component GAxx of the vector potential dyadic
Green's function. The spectral-domain Green's function has three poles:
P1 = 1:47017648882187  k; R1 = 0:11554707906619 (2.47)
P2 = 1:78036944337168  k; R2 = 0:04462885274180 (2.48)
P3 = 1:94704764513553  k; R3 = 0:01039239585919 (2.49)
which are detected using the pole extractor from [54]. Here Pi and Ri, i = 1; 2; 3, are
positions and residues of the poles.
Fig. 2.9 shows the original spectral-domain GF, ~G(k; zjz0). The modied spectral-domain
GF, ~G(k; zjz0)   fsing, after subtracting the poles is depicted in Fig. 2.10. There we can
see that the poles are completely removed and the remaining function is smooth everywhere,
except at the branch point k = k where it possesses an innite derivative. We evaluate the
spatial domain counterpart of the original spectral-domain GF in the following way. The Som-
merfeld integral of the modied GF is evaluated along the real axis, by splitting the integral
into three parts: (0; k), (k; 0) and (0;1). In the rst two regions, the DE quadrature is used,
because of the innite derivative of the integrand at the endpoints of the integration interval.
The remaining integral over the region (0;1) is evaluated to the machine precision accuracy,
using the integration-then-summation technique combined with the weighted averages extrap-
olation method, which will be discussed in detail later in this chapter. The spatial domain
GF is also evaluated by integrating the original spectral-domain GF along the real-axis path
partially deformed into the rst quadrant of k-plane and the so obtained value is used as a
reference value. The integral is split into three parts: (0; a), (a; 0) and (0;1). The integral
over the rst interval is performed along the half-sine contour path, while the second part is
integrated along the real axis. The remaining third part is evaluated in the same way as in the
case of the real-axis integration. The results obtained using the two approaches are compared.
The number of signicant digits of the relative error and the time gain are depicted in Fig.
2.11. One can see that an excellent agreement between the results obtained following both
approaches is acquired, while the real-axis approach combined with the pole extractor and
the DE quadrature results in signicant reduction of the computational time. Note that for
large values of , the surface-wave poles have the dominant contribution (Fig. 2.12). However,
this is only the case for strictly lossless structures. For a nonzero loss tangent, the poles are
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Figure 2.9: The original spectral-domain component GxxA of the vector potential dyadic Green's fun-
ction for the single-layer substrate of permittivity "r = 4 and thickness d =  at 8 GHz.
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Figure 2.10: The modied spectral-domain component GxxA of the vector potential dyadic Green's
function for the single-layer substrate of permittivity "r = 4 and thickness d =  at 8
GHz, obtained by annihilating the singular behavior in the proximity of surface-wave
poles.
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Figure 2.11: Performance of the real-axis and half-sine contour integration for component GAxx of
the vector potential dyadic Green's function for a single-layer substrate: "r = 4, d = ,
f = 8GHz, backed by perfect electric conductor (PEC). Horizontal electric dipole (HED)
is at the interface.
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located in the fourth quadrant of the complex k-plane, introducing a small exponential decay
in the Hankel function, which results in the domination of the surface-wave poles only up to
a certain distance, after which the numerically evaluated term takes over [64].
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Figure 2.12: Magnitude of the component GAxx of the vector potential dyadic Green's function and
surface-wave pole (SWP) contribution for a single-layer substrate: "r = 4, d = ,
f = 8GHz, backed by perfect electric conductor (PEC). HED is at the interface.
Conclusion on numerical results
To conclude, in all the examples studied, an excellent agreement is observed between the
results obtained following the newly proposed method (a real-axis integration, combined with
the DE quadrature formulas and the pole extraction technique), and the methods tradition-
ally used for the evaluation of (2.7). Moreover, the new approach signicantly reduces the
computational time and is valid for both small and large values of the source-observer dis-
tances . The level of the quadrature that should be used directly depends on the distance
: the larger is , the higher is the required level of the quadrature. Not only is the pro-
posed technique very accurate and ecient, but it is also very easy to implement, since the
weights and abscissas of the DE quadrature can be precomputed and the pole extractor can
be embedded in a completely automatic way into the routines for the numerical evaluation
of the SIs. Finally, the computational time only slightly increases, with the frequency and
thickness of the substrate (when the number of poles can be large) and for the large values of
the source-observer distances.
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2.5 Sommerfeld integral tail
The part of the integral that remains to be solved is the so-called Sommerfeld integral tail:
Tn =
Z 1
0
~G(k; zjz0)Jn(k)kdk: (2.50)
Although it is free of singularities, this integral is dicult to evaluate since the integration
interval extends to innity and the integrand is oscillating and slowly converging, or even
diverging. More precisely, if the source and observer are at dierent levels with respect to
the stratied medium interface, i.e., z 6= z0, the integral (2.50) is dened in the traditional
Riemann sense, since due to (2.4) its integrand converges exponentially at innity. However,
for z = z0 there is no exponential decrease to guarantee convergence. Indeed, if the asymptotic
behavior of the spectral-domain GF (2.4) is given by a power   0:5, the integrand in (2.50)
does not converge, and the integral is not dened in the Riemann sense. In these cases, a
physical meaning can still be assigned to the integral Tn dening it in the Abel sense, i.e.,
considering the improper Sommerfeld integral as a limiting case when the observer's level
tends towards the source's level [65, 66]:
Tnjz=z0 = limz!z0
Tnjz 6=z0 : (2.51)
The Abel denition of convergence for improper integrals is a concept derived from the
denition of \Abel's summability" for innite divergent series and has a fully rigorous
mathematical interpretation [67]. However, any electrical engineer can understand \Abel's
summability" in a very intuitive way, relating it to our understanding of electromagnetic
phenomena arising in lossless media. A lossless medium is an ideal abstraction, exhibiting a
pure imaginary propagation constant. Its direct mathematical treatment involves frequently
some diculties. But the lossless situation can be always viewed as the limiting case of a
physical lossy medium, with a complex propagation constant, when the losses vanish. Using
the Abel's denition, it is easy to obtain results for improper integrals that have no meaning
in the Riemann sense.
Obviously, it is possible to directly discretize the Abel limiting process of the SI tail
(2.50). Within this strategy, a series of values of the integral Tn is numerically computed
for some small values of jz   z0j and an extrapolation is made to obtain the value of
the integral for jz   z0j = 0. However, usually this approach is not very ecient. An
extrapolation towards zero is only accurate when made from situations corresponding to
very small values of jz   z0j. Yet, integrals with very small values of jz   z0j are hard to
evaluate numerically. What is needed here is a numerical method that can deal directly
with the case z = z0 and obtain Abel's values as the result of a simple arithmetic process.
This was the historical goal of specially tailored techniques for the numerical evaluation of SIs.
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The proven and most popular approach for numerical evaluation of the SI tails is the
integration-then-summation procedure, in which the integral is calculated as an innite sum
of series of partial integrals over nite subintervals, i.e.,
Tn =
1X
i=0
uni =
1X
i=0
Z i+1
i
~G(k; zjz0)Jn(k)kdk: (2.52)
Possible choices of break points i include asymptotic half-periods, exact zero crossings and
extrema of Bessel functions. The conventional approach for evaluating this innite series
consists of nding the limit of the sequence of partial sums:
Tn = lim
N!1
TnN = lim
N!1
NX
i=0
uni : (2.53)
Since this sequence converges extremely slowly, i.e., the remainders rN = TnN  Tn do not de-
cay rapidly as N !1, in order to achieve high accuracy via direct sum, we need to evaluate
an extremely large number of partial integrals, uni . One way to tackle the aforementioned
deciency and accelerate the convergence of the sequence fTnN g is by the means of a trans-
formation (linear or nonlinear) from the original sequence fTnN g to a new sequence fT 0nN g
with rapidly decaying remainders r0N . These sequence transformations, also referred to as
extrapolation methods [26], allow us to infer the limit value in (2.53) by calculating just a few
partial integrals uni . Among numerous extrapolation techniques, the WA method was shown
to be one of the most versatile and ecient ones when dealing with SI tails [26].
2.5.1 Weighted averages method
The weighted averages method is a more sophisticated version of the Euler transformation,
which uses the weighted means of consecutive partial sums:
T 0nN =
WNTnN +WN+1TnN+1
WN +WN+1
: (2.54)
Since T 0nN = Tn + r
0
N , the above formula can be written as
T 0nN = Tn +
WNrN +WN+1rN+1
WN +WN+1| {z }
r0N
: (2.55)
Obviously, the optimal solution would come from the annihilation of the remainders r0N of the
linearly transformed sequence by imposing an appropriate ratio of the weights,
 =
WN+1
WN
=   rN
rN+1
: (2.56)
44 Chapter 2: Ecient computation of Sommerfeld integrals
At this point, the weighted-averages method could be considered complete if the remainders
rN were explicitly known, which is, unfortunately, not the case for the sequences of our
interest. Instead, we adopt the following modal sequence
TnN  Tn + !N
1X
i=0
ai
 i
N| {z }
rN
; N !1 (2.57)
based on the asymptotic expansion of the remainders. Here !N are the associated remainder
estimates, which can accommodate explicitly the structural information on the N -dependence
of rN , i.e., the behavior of the dominant term of the remainder for large values of N . Now,
the ratio of the remainders is
rN
rN+1
=
!N
!N+1

1 +O( 2N )

; N !1 (2.58)
which suggests that we choose
 =   !N
!N+1
: (2.59)
Then, if
1 +  = O( N ) (2.60)
the ratio of the remainders for the original and transformed sequence becomes
jr0N j
jrN j  O(
 p
N ) (2.61)
where p = 2   , clearly showing the acceleration property of the aforementioned transfor-
mation, when  < 2. The remainders of the sequence after the transformation have the same
form as the original ones together with a scaling factor  pN . Finally, the incorporation of the
above weights to the weighted-averages transformation (2.54) leads to the following recursive
scheme:
T (l+1)nN =
T
(l)
nN + 
(l)
N T
(l)
nN
1 + (l)N
; N; l  0 (2.62)
with

(l)
N =  
!N
!N+1

N+1
N
pl
(2.63)
or the asymptotic form

(l)
N   
!N
!N+1

1 + pl
qN
N

(2.64)
where qN = N+1   N .
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The recursion (2.62) can be represented by a triangular scheme
T
(0)
n0 T
(1)
n0 : : : : : : : : : : : : : : T
(l)
n0
T
(0)
n1 T
(1)
n1 : : : T
(l 1)
n1
T
(0)
n2 : : : T
(l 2)
n2
::: : :
:
T
(0)
nl
(2.65)
where in the rst column T (0)nN = TnN and T
(l)
n0 is the best approximation of Tn, given the
partial sums Tn0 ;    ; Tnl . This recursion, together with the coecients (l)N , is a linear
transformation, known as the weighted averages (WA) method.
The remaining point is to develop explicit analytical expressions for the remainder estimates
!N , based on the asymptotic form of the spectral-domain Green's function (2.4). In [26], by
taking equidistant break points separated by the asymptotic half-period of the Bessel function,
q = =, the following remainder estimates are obtained:
!N = ( 1)N+1e Nqjz z0j  N (2.66)
for  > 0, where  = 0:5    and exponent  can be easily determined by inspection of
the relevant expressions for spectral-domain GFs [8, 22]. The series of thus obtained partial
integrals (2.52) is asymptotically alternating. Moreover, the convergence is linear for jz z0j >
0, and logarithmic for jz   z0j = 0. In the special case when  = 0, the interval length of
partial integrals must be chosen based on the exponential behavior of ~G(k; zjz0) (2.4) rather
than oscillations of the Bessel function, and the value q = =jz   z0j is suggested [26]. The
convergence of the series of partial integrals (2.52) is, in this case, linear monotone and the
remained estimates are given by
!N =  e Nqjz z0j  N : (2.67)
Using these analytical remainder estimates in (2.60), we nd that  = 0, i.e., p = 2.
Furthermore, replacing !N in (2.63) - (2.64) by (2.66) - (2.67) we obtain the following nal
expressions for the weights:

(l)
N = eq

N+1
N
 +pl
(2.68)
 eq

1 +
 + p  l
 +N

: (2.69)
Here, the plus and minus sign apply to the alternating ( > 0) and linear monotone cases
( = 0), respectively, and  = 0=q.
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The original formulation of the WA algorithm, proposed by Mosig in the early eight-
ies [6, 23], was essentially heuristic and based on intuitive considerations. No attempt was
made to connect it to the existing mathematical knowledge and its use was solely justied a
posteriori by the excellent results it usually yielded. Moreover, the attention was limited only
to the alternating case ( > 0). The asymptotic expansion of the remainders was developed
by applying the integration by parts, and slightly diverges from the one in (2.57). The
obtained coecients kN are consequently dierent, but they are equivalent to those in (2.68)
- (2.69) for N >> 1.
In 1998, a seminal paper by Michalski [26] provided a rigorous mathematical frame for the
WA, which we have recalled in this section. Since then, the WA methods have been extensively
used in our community, either per se or as a benchmark to check the validity and accuracy
of other approximated strategies for stratied media Green's functions (for instance complex
images, [68]). WA is also referred to as the Mosig-Michalski transformation in the specialized
literature [52].
2.5.2 New weighted averages method
As previously stated, the currently used WA algorithms are essentially more powerful versions
of the Euler transformation [26], in which simple arithmetic means are replaced by weighted
means. However, it is well known that the Euler transformation can be easily generalized as
the Holder means [67], acting simultaneously on N members of a given sequence, rather than
on two consecutive elements each time.
The same strategy could be applied to the WA. Hence, the generalized New WA procedure
will also start with a sequence of N partial integrals. But now, the best possible evaluation
of the innite integral will be obtained by performing a unique weighted average applied
simultaneously to all the partial integrals.
For the sake of simplicity, let us start with the following complex integral:
I =
Z 1
a
f(x)e xdx (2.70)
where
 [a;1] is a semiinnite interval on the real axis x,
  is a complex parameter  = + j y satisfying the conditions:   0 and jj 6= 0,
 the function f will be considered, for the sake of simplicity, as being real-valued and
behaving asymptotically as a power function O(xq); complex functions can be dealt with
by considering successively their real and imaginary parts.
yHere,  and  must not be confused with the same symbols used in Section 2.5.1
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At the end, the obtained results will be discussed in the context of Sommerfeld integral tails
of our interest.
To provide a way of numerically evaluating the basic integral (2.70), we introduce partial
integrals
Ii =
Z xi
a
f(x)e xdx (2.71)
and remainders
I   Ii =
Z 1
xi
f(x)e xdx (2.72)
where the abscissas xi are, at this level of the development, completely arbitrary.
Assume now that we have a set of N partial integrals Ii, i = 1; 2; : : : N , which have been
carefully evaluated by any numerical quadrature rule. The question that immediately arises
is how to extrapolate, from these partial integrals Ii and by simple means, a better estimation
I of the true value I. Similarly to the approach already employed in the original WA
formulation [23], the remainders (2.72) can be approximated integrating by parts the integral
(2.72). This yields an innite-series expansion for the remainder:
I   Ii = e xi
1X
k=1
(k 1)
fi   k (2.73)
where the coecients
(k 1)
fi stand for the (k   1)th order derivatives: @k 1f@xk 1 jx=xi . Of course,
for numerical purpose, this innite series has to be truncated.
Assuming that a good estimate of the true value of the integral I can be obtained by
truncating the innite series after the rst N terms:
IN   Ii = e xi
N 1X
k=1
(k 1)
fi   k (2.74)
and considering N dierent partial integrals Ii obtained for N dierent abscissas xi, the
following linear system of equations is obtained:
 Ii  exi =  INe xi +
N 1X
k=1
(k 1)
fi   k (2.75)
the N unknowns being IN and 
 1;  2; : : : ;  N+1.
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The determinant of the system is
DN =

 e x1 (0)f1 (1)f1 : : : (N 2)f1
 e x2 (0)f2 (1)f2 : : : (N 2)f2
:::
:::
:::
: : :
:::
 e xN (0)fN (1)fN : : : (N 2)fN

(2.76)
and therefore, by using Cramer's rule, we can obtain the unknown IN as a quotient, the
denominator being the determinant (2.76) and the numerator a related determinant obtained
by replacing in (2.76) the rst column's elements by  Iie xi . Both determinants can be
expanded by the rst column and the nal expression is
IN =
NX
i=1
( 1)i+1Mi  exi  Ii
NX
i=1
( 1)i+1Mi  e xi
; (2.77)
whereMi are the minors of the determinants obtained by deleting the rst column and the i-th
row. The nal expression clearly shows that a good estimate of the integral can be obtained
as a linear combination of weighted linear averages of the partial integrals Ii:
IN =
NX
i=1
wiIi
NX
i=1
wi
; (2.78)
where the generalized weights wi are given as:
wi = ( 1)i+1Mi  e xi : (2.79)
The generalized weights
However, the expression (2.79) for the generalized weights is of little practical interest, as
it involves the computation of determinants whose elements are the values of the function f
and its derivatives at N points xi. As an illustration, for the trivial case N = 2, the following
expression is obtained from (2.77):
IN =
exp(x1)
f(x1)
I1   exp(x2)f(x2) I2
exp(x1)
f(x1)
  exp(x2)f(x2)
; (2.80)
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but for N > 2, it is necessary to know the law of formation of the derivatives. Moreover,
computing determinants is usually a cumbersome and time-consuming task. Fortunately
enough, an interesting analytical treatment is possible in some cases of interest.
It has been stated at the beginning of the development that the function f(x) asymptotically
behaves as a power, i.e.,:
lim
x!1[f(x)  Cx
q] = 0 (2.81)
with C and q being some real constants, since this is true for wide class of functions f(x)
appearing in practical problems.
If we replace f(x) by its asymptotical approximation, the minor Mi in (2.77) can be calcu-
lated as:
Mi = Vi  CN 1
24N 2Y
j=1
q!
(q   j)!
35 
24 1
xi
NY
j=1
xj
35q N+2 (2.82)
where Vi is the Vandermonde's determinant:
Vi =

1 x1 x21 : : : x
N 2
1
1 x2 x22 : : : x
N 2
2
:::
:::
:::
: : :
:::
1 xi 1 x2i 1 : : : x
N 2
i 1
1 xi+1 x2i+1 : : : x
N 2
i+1
:::
:::
:::
: : :
:::
1 xN x2N : : : x
N 2
N

: (2.83)
These Vandermonde's determinants have a well-known analytical expression:
Vi =
Y
1k<jN
k;j 6=i
(xj   xk) =
NY
j=1
k<j
(xj   xk)
NY
j=1
j 6=i
jxi   xj j
: (2.84)
When used, the following expression for the weights, devoid of determinants, is obtained:
wi =
( 1)i+1e xi
xq N+2i
NY
j=1
j 6=i
jxi   xj j
: (2.85)
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The above expression for the weights is perhaps not yet very tractable, but it has the merit
to be quite general. In particular, the abscissas xi can have arbitrary values.
Equidistant abscissas
Much simpler expressions for the weights are obtained if some restrictions are applied to
the choice of the abscissas. If their values are not conditioned by external circumstances, the
obvious choice is to select equidistant abscissas such as xi+1   xi = h. Then, the solution of
the Vandermonde's determinant is even easier:
Vi =
(N   1)!(N   2)! : : : 2!hN(N 1)2
(N   i)!(i  1)!hN 1 (2.86)
and a much more compact expression for the weights is obtained:
wi = ( 1)i+1

N   1
i  1

e xixN 2 qi : (2.87)
Moreover, this form is very convenient for numerical purposes since it includes binomial
coecients which are easily computed by recursion.
In the general case, the weights wi are complex quantities due to the terms e xi . However,
it is possible to always use real values with the following choices. If  = Im() 6= 0, we can
always select xi
xi = ik + ' (2.88)
where k is a xed integer. If k is even, the dierence between two successive partial estimations
is an integer number of periods. The sequence Ii will approach the true value I monotonically.
Since
e xi = exie j' (2.89)
we can use in (2.78) the real weights
wi = ( 1)i+1

N   1
i  1

exixN 2 qi (2.90)
which alternate in sign. If k is odd, then the sequence Ii will oscillate around I. This is a
numerically stable algorithm because now the weights
wi =

N   1
i  1

exixN 2 qi (2.91)
are always positive and the formula (2.78) is a true weighted average including only additions
and multiplications by constant coecients. In the special case when  = 0, equidistant
Section 2.5: Sommerfeld integral tail 51
abscissas separated by = should be used, yielding the following expression for weights:
wi = ( 1)i+1

N   1
i  1

exixN 2 qi : (2.92)
Exact solutions
Note that if the function f(x) is a polynomial of degree N , the derivatives of order higher
than N vanish. Therefore, the innite series in (2.73) stops after the term  N and an
extrapolation based upon N + 1 partial integrals Ii must provide the exact solution I = I
regardless of the choice of the abscissas xi.
Applying the New WA technique to Sommerfeld-type integrals
At the end, taking into account the asymptotic behavior of spectral-domain GFs (2.4) and
Bessel function (2.5) and by careful examination of the SI tail (2.50), one can see that by
setting
 = jz   z0j (2.93)
 =  (2.94)
q = 0:5   (2.95)
the integrand in (2.50) is asymptotically equivalent to the real part of the kernel involved in
(2.70). Therefore, the NewWA technique can be straightforwardly applied to our Sommerfeld-
type integrals.
2.5.3 Double exponential-type quadrature formulas
Despite the promises of the New WA method to evaluate Sommerfeld integral tails, the quest
for ecient strategies should not be stopped.
Previously in this chapter, we have discussed the DE transformation, originally introduced
by Takahasi and Mori in 1974 [55] and tailored for integrals with integrable singularities at
the end of the integration interval. The transformation was named after its key attribute:
the double-exponential decay of the integrand after the transformation. Unfortunately,
the original formula was not ecient when computing slowly decaying oscillatory functions
over (0;1). Hence, to overcome this weakness, Ooura and Mori proposed a robust DE
formula for Fourier-type integrals [69]. The key idea of the new transformation was slightly
dierent: the nodes of the new quadrature approach rapidly (double-exponentially) to the
zeros of sine/cosine function, thus allowing computation of the Fourier-type integrals with
a small number of function evaluations. A variant with Bessel function zeros as nodes was
proposed in [70{72]. Finally, following the same idea, a very ecient tool for the evaluation
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of semi-innite integrals with Bessel function kernels, i.e., Hankel transform integrals, was
suggested in [73].
Here we use the aforementioned original study by Ogata and Sugihara [73] in order to
introduce the following transformation [74, 75], specically tailored for the SI tails of our
interest:
k   = (t) (2.96)
with
(t) =

h
t  tanh

2
sinh(t)

+ b  sech

2
sinh(t)

= 1(t) + 2(t); (2.97)
where b = 0  and h is the so-called step size that has to be chosen carefully since it directly
inuences the algorithm performance.
In Fig. 2.13 the behavior of the transformation (t) is shown for dierent values of the
step size h. As it can be seen, the role of the second part of the transformation (2.97), 2(t),
is actually to map the starting point of the integration interval from k = 0 into t = 0, and
its inuence vanishes quickly as t  !1. The rst part of the transformation, 1(t), has the
dominant eect for lerger values of t, approaching rapidly the transformation's asymptotic
behavior:
(t)  
h
jtj (2.98)
that will be shown later to be the key attribute of the method.
Applying the aforementioned transformation to the SI tail (2.50), we obtain
Tn =
Z 1
0
Fn((t)) 

d(t)
dt

dt (2.99)
where
Fn(t) = 1
2
t  ~G

1

t; zjz0

 Jn (t) : (2.100)
Since the integrand in (2.99) is an odd function with respect to t, the integral can be written
as
Tn =
1
2
Z 1
 1
sgn(t)  Fn((t)) 

d(t)
dt

dt (2.101)
and approximated with the help of an appropriate quadrature formula based on the zeros of
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Figure 2.13: Behavior of the DE transformation for dierent values of step size parameter h.
Bessel functions, according to [73],
Tn  h
1X
k=1
wnk Fn((h nk

))0(h
nk

)
+
h

n 1X
=0
c
(n)
 h
2+1@
2+1 fFn((t))0(t)g
@t2+1

t=0
(2.102)
where nk is the k-th zero of the Bessel function Jn. Also,
c
(n)
 =
 2+1
(2+ 1)!
n  1X
m=0
(n m  1)!
m!
2n 2mb(n)n  m 1 (2.103)
and b(n)m , m = 0; 1; 2; : : :, are the coecients of the Laurent series expansion of 1=Jn around
the point x = 0:
1
Jn(x)
=
1X
m=0
b(n)m x
2m n: (2.104)
Moreover, the weights wnk are given as follows:
wnk =
Yn(nk)
Jn+1(nk)
=
2
nkJ2n+1(nk)
: (2.105)
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Finally, after some algebraic manipulations, we derive the DE-type quadrature formulas
for the SI tails (2.50). In particular, for the two most used indexes n = 0; 1 of the Bessel
functions, we get
T0  h
NX
k=1
w0k F0((h 0k

))0(h
0k

) (2.106)
and
T1  h
NX
k=1
w1k F1((h 1k

))0(h
1k

)
+

2h  1
2
bh2

F1(b): (2.107)
Actually, the key feature of the aforementioned transformation is that since
(t)  
h
jtj double exponentially as t! 1
as shown in Fig. 2.13, the quadrature nodes of the nal formulas approach double exponen-
tially the zeros of the associated Bessel functions, i.e.,
(h
nk

)  nk as k !1:
More specically, for large values of k we have
Jn



h  nk


' Jn


h
 h  nk


= 0 (2.108)
allowing us to truncate the innite sum (2.102) at moderate N , as shown in (2.106)-(2.107),
without loss of accuracy.
2.5.4 Numerical results
In this section, we perform several numerical experiments in order to demonstrate the accuracy
and eciency of the above described newly developed methods for numerical evaluation of
SI tails. For the purpose of comparison, we choose one of the most proven methods for
these tails: the integration-then-summation procedure combined with the Mosig-Michalski
method and utilizing equidistant break points separated by the asymptotic half-period of
the associated Bessel functions [26]. All the calculations are performed in double precision
arithmetics (machine precision accuracy is eps = 2 52).
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While, thanks to the Sommerfeld identity, analytical solutions exist for a family of Sommer-
feld integrals (for instance, the free-space case), nothing comparable can be said for general
Sommerfeld tails, especially if their starting point 0 is taken at an arbitrary point of the real
axis. This amounts to say that for very simple layered problems we can rearrange formula
(2.6) as
Tn = Sn   In = analytical value  In: (2.109)
Therefore, if we try in these cases to assess the absolute error or precision of an algorithm
for evaluating the tail Tn, we need to be sure that we are numerically evaluating the nite
integral In with the best precision, close to machine precision if possible. The basic tail can
be obtained by applying the scheme in (2.109) to the Sommerfeld identity (2.36)Z 1
0
e jkz jzj
jkz
J0(k)kdk =
e jkr
r
 
Z 0
0
e jkz jzj
jkz
J0(k)kdk (2.110)
where kz =
q
k2   k2. Our test cases also include the -derivative of the above:Z 1
0
e jkz jzj
jkz
J1(k)k2dk = (1 + jkr)
e jkr
r3
 
Z 0
0
e jkz jzj
jkz
J1(k)k2dk (2.111)
its z-derivative:Z 1
0
e jkz jzjJ0(k)kdk = ze jkr
1 + jkr
r3
 
Z 0
0
e jkz jzjJ0(k)kdk; (2.112)
as well as its second derivative with respect to  and z:Z 1
0
e jkz jzjJ1(k)k2dk
= ze jkr
3 + 3jkr   r2k2
r5
 
Z 0
0
e jkz jzjJ1(k)k2dk: (2.113)
The integrals In on the right-hand sides of (2.110) - (2.113) are computed close to machine
precision by an adaptive quadrature based on Patterson's formulas [56]. Then the tails Tn
(integrals on the left-hand sides of (2.110) - (2.113)) are evaluated with the Mosig-Michalski
transformation, the New WA algorithm and the DE technique. In the Mosig-Michalski
and New WA algorithms, the partial integrals uni in (2.52) must be computed using a
Gauss-Legendre quadrature of order 16, as suggested in [22], because in the case of negligibly
small integrands, numerical experiments have shown that the adaptive Patterson quadrature
rule can fail trying to integrate what is essentially numerical noise.
The key parameter in the DE quadrature is the step size h in (2.106) - (2.107). It directly
inuences the performance of the formulas and, therefore, it has to be chosen carefully. We
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have found experimentally that the value h = 1=32 stands as the best trade-o between
accuracy and computational cost for the SI tails. We also set, following again the suggestions
in [26], a maximum of 160 integration points (ten integration intervals for WA methods) for
the three algorithms, if the predened accuracy (10eps) is not reached.
In Figs. 2.14 - 2.17, the number of signicant digits of the relative error in the evaluation
of the Sommerfeld identity tail (2.110), its -derivative (2.111), z-derivative (2.112), as well
as its second derivative with respect to  and z (2.113), versus k, for the most challenging
case, i.e., z = 0, is presented.
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Figure 2.14: Performance of DE formulas, New and Mosig-Michalski WA methods when applied to
the Sommerfeld identity tail (2.110) for z = 0.
Indeed, when z = 0, the exponential function in (2.110)-(2.113) vanishes, and consequently
the corresponding integrands have the slowest decay. To account for possible uncertainties
in the reference solution and incidental presence of error propagation eects, we cautiously
assume a result to be numerically exact if its relative error is lower than 10 15 with
respect to the reference results. From the results presented, one can see that for the rst
three examples, all the methods provide very accurate results, with accuracy of more
than 10 exact digits for all the values of  studied. However, for (2.113), the accuracy
of the New WA method is signicantly higher than that obtained by using the other two
methods. Here, the poorest performance is provided by the DE method, which yields
only 7 signicant digits of accuracy for some values of . Still, in all the cases studied, the
DE-type algorithm needs in average up to 25% fewer integration points than the WA methods.
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Figure 2.15: Performance of DE formulas, New and Mosig-Michalski WA methods when applied to
the -derivative of the Sommerfeld identity tail (2.111) for z = 0.
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Figure 2.16: Performance of DE formulas, New and Mosig-Michalski WA methods when applied to
the z-derivative of the Sommerfeld identity tail (2.112) for z = 0.
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Figure 2.17: Performance of DE formulas, New and Mosig-Michalski WA methods when applied to
the second derivative of the Sommerfeld identity tail with respect to  and z (2.113) for
z = 0.
Next, we proceed to a more elaborate numerical experiment including a wide range of
distances from the source ( 3  log10(k); log10(kz)  1). To be more specic, the obtained
number of signicant digits, when the SI tails (2.110)-(2.113) are evaluated with the help of
DE, Mosig-Michalski and New WA method are presented in Figs. 2.18 - 2.21. There, one
can see that the best results are obtained by using the New WA technique. The other two
methods give very good results as well, leading to the accuracy of more than 8 signicant
digits for all the distances considered.
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(a) DE algorithm.
(b) Mosig-Michalski WA transformation.
(c) New WA algorithm.
Figure 2.18: Number of signicant digits for the SI tail (2.110) for a wide range of distances from
the source.
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(a) DE algorithm.
(b) Mosig-Michalski WA transformation.
(c) New WA algorithm.
Figure 2.19: Number of signicant digits for the SI tail (2.111) for a wide range of distances from
the source.
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(a) DE algorithm.
(b) Mosig-Michalski WA transformation.
(c) New WA algorithm.
Figure 2.20: Number of signicant digits for the SI tail (2.112) for a wide range of distances from
the source.
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(a) DE algorithm.
(b) Mosig-Michalski WA transformation.
(c) New WA algorithm.
Figure 2.21: Number of signicant digits for the SI tail (2.113) for a wide range of distances from
the source.
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The relative number of integration points NDE=NWA (%) is presented in Figs. 2.22 - 2.25
for the tails of (2.110)-(2.113), respectively. Here NWA denotes the number of integration
points when the Mosig-Michalski and New WA techniques are used, while NDE is the number
of integration points in the case of the DE quadrature. In the lower right part of each of these
gures, the contribution of the tail is zero. Neglecting these parts, it is clear that the DE
integration scheme is much more ecient than the Mosig-Michalski and New WA techniques
in a plethora of observation points.
Figure 2.22: Relative number of integration points NDE=NWA for the SI tail (2.110) for a wide range
of distances from the source.
In the end, we will demonstrate the worthiness of the proposed schemes in two real life
applications, i.e., a two-layer microstrip antenna geometry (at f = 8 GHz):
 layer-1: "r1 = 4, d1 = 1,
 layer-2: free-space,
and a three-layer antenna geometry (at f = 1; 30 GHz):
 layer-1: "r1 = 4, d1 = 0:1 cm,
 layer-2: "r2 = 12:6, d2 = 0:1 cm,
 layer-3: free-space,
terminated by PEC. In both cases, the source (HED) is placed at the interface between the
dielectric stack and the free space. Also, we consider only the most challenging case when the
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Figure 2.23: Relative number of integration points NDE=NWA for the SI tail (2.111) for a wide range
of distances from the source.
Figure 2.24: Relative number of integration points NDE=NWA for the SI tail (2.112) for a wide range
of distances from the source.
observation plane coincides with the source plane, z = z0 = 0. The average relative numbers
of the associated integration points for the evaluation of the tails of the Green's functions
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Figure 2.25: Relative number of integration points NDE=NWA for the SI tail (2.113) for a wide range
of distances from the source.
GAxx(; z; z
0) and Gqx(; z; z0) are shown in Table 2.2.
Based on the presented results, we can conclude that the DE formulas require less integra-
tion points to achieve the predened accuracy. Furthermore, very good agreement between
the results obtained using the DE, Mosig-Michalski and New WA methods is acquired. For
the sake of illustration, in Fig. 2.26 we present the obtained scalar potential GF Gqx and
the component GAxx of the vector potential dyadic GF, for the three-layer geometry at 30
GHz. There is a perfect agreement between the three techniques with the curves on top of
each other for the full range of distances. Furthermore, since the analytical solution does not
exist in this case, in order to asses the accuracy of the obtained results, we took as reference
the results obtained applying the Mosig-Michalski algorithm until machine precision was
reached. The results obtained using the other two methods were then compared with the
reference result. Fig. 2.27 gives the number of signicant digits. One can see that the three
methods agree in more than 11 decimal digits, though the DE method needs approximately
25% fewer integration points.
A nal word must be said on the computational time and on the ecient implementation of
the above described methods for numerical evaluation of SI tails. Since the value of the step-
size parameter h of the DE quadrature is chosen a priori, the associated weights and abscissas
can be precomputed. Therefore, the direct application of the formulas (2.106)-(2.107) using
as default the maximal number of points (160) can be implemented in MATLAB as a simple
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Table 2.2: Average relative number of integration points needed for the evaluation of SI tails
NDE=NWA (%)
two-layer geometry
Gqxjf=8 GHz 77.25
GAxxjf=8 GHz 77.19
three-layer geometry
Gqxjf=1 GHz 77.37
GAxxjf=1 GHz 77.31
Gqxjf=30 GHz 78.13
GAxxjf=30 GHz 78.38
matrix multiplication, which is very convenient and indeed leads to lower computational time
than the iterative procedure described above, while resulting in same accuracy of the nal
results. Under these assumptions, the DE transformation takes, approximately 5 times less
computational time than the two other methods. The weights (2.68)-(2.69) involved in the
Mosig-Michalski WA technique are very easy to evaluate, but the method calls for the recursion
(2.62)-(2.65). On the other hand, the evaluation of the weights (2.91)-(2.92) involved in the
New WA algorithm is more complex, since it calls for the computation of binomial coecients.
However, this is not a problem since many programming languages have built-in functions
for evaluation of binomial coecients. Alternatively, an iterative procedure might be used.
Roughly, it amounts to say that the overhead of the Mosig-Michalski WA transformation is
time-wise equivalent to the evaluation of more complicated weights in the New WA method.
However the dominant part of the computational time goes to accurate evaluation of the
sequence of partial sums, Tni .
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(a) GAxx(; z; z
0).
(b) Gqx(; z; z
0).
Figure 2.26: Spatial domain Green's function of three-layer geometry problem at 30 GHz.
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Figure 2.27: Number of signicant digits for three-layer geometry at 30 GHz.
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2.6 Conclusion
In this chapter we have proposed several schemes for ecient numerical evaluation of Sommer-
feld integrals, arising in the formulation of Green's functions for planar multilayered media.
These integrals are known to be very dicult to evaluate, because of two complications:
i) the presence of surface-wave poles and branch-point singularities on and/or near the
integration path;
ii) oscillating and slowly converging integrands over semi-innite intervals.
Luckily enough, by adequately dividing the integration interval, these two problems can be
always separately treated.
First SI part: Finite singular integrals
The diculty in evaluating the rst part of the SI is due to the possible presence of the
singularities in the integrand. In order to tackle this problem, we propose a new method
based on the double exponential transformation. The integration of the SI is performed along
the real axis. The rst step is extraction of the pole singularities, and for that purpose
we use a very ecient and robust pole extractor from [54], which can be embedded in the
routines for numerical evaluation of the SIs in a fully automatic way. The remaining problem,
namely the removable singularity of the integrand at the branch point, is taken care of by
using a DE quadrature. The accuracy and eciency of this approach have been veried by
investigating several representative examples. In every case, the DE technique is compared
with the two most popular techniques for evaluating the rst part of the SI: the half-sine
contour path integration, and the real-axis integration combined with the pole extraction and
variable transformation for treating branch-point singularities. From the presented results,
one can see that the new technique yields highly accurate results, while the computational
time is dramatically reduced, especially in the case of large source-observer distances.
Second SI part: Innite interval integrals (tails)
In the second part of this chapter, we have developed two techniques for ecient numerical
evaluation of SI tails. These two techniques are a new version of the Weighted Averages (New
WA) algorithm and a specially tailored Double Exponential (DE) quadrature formula. The
performances of the methods are compared throughout a series of representative numerical ex-
amples, with the target of assessing the advantages and disadvantages of their application. As
a reference, the Mosig-Michalski WA transformation, which has been traditionally employed
for evaluation of the SI tails, is selected. In general, the New WA algorithm is shown to be
the winner in terms of accuracy. It converges faster towards the nal values, when compared
to the Mosig-Michalski WA technique. This may be an important asset, as the computational
time is usually dominated by the evaluation of the partial integrals in the sequence. Hence,
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the New WA can be used advantageously as an alternative to the classic WA algorithm, that
is the most currently used extrapolation method for integration-then-summation techniques.
The second strategy, the DE quadrature formula, although on average gives lower accuracy
when compared with the WA methods, still yields very good results. More precisely, it always
yields more than 9 signicant digits of accuracy, except in the case of (2.113), when it leads
to only 7 digits accuracy for some combinations of  and z values. Fortunately, in the MPIE
formulation, this type of integrals only arises in the postprocessing related to the elds eval-
uations. On the other hand, the lack of accuracy of DE technique is somewhat compensated
by an important increase in speed. When properly implemented, the DE always performed
signicatively faster than both versions of the WA (up to 5 times). This is to be considered
in applications were speed is the primordial parameter. Moreover, the convergence of the DE
quadrature formulas could be even further improved by changing the value of the coecient
=2 in (2.97), as suggested in [76]. This should be a subject of further investigation.
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3 Numerical evaluation of the integrals
involving products of Bessel functions of
arbitrary order
3.1 Introduction
The previous chapter has extensively dealt with the methods for ecient numerical evaluation
of Sommerfeld integrals, i.e., semi-innite range integrals with Bessel function kernels. It was
shown that their numerical evaluation is a cumbersome task because of the oscillatory and
slowly converging, or even diverging integrands. In the case that the integrands contain
products of two or more Bessel functions, the problem becomes even more dicult, since
the integrand now exhibits an irregular oscillatory behavior. Many practical problems in
electromagnetics give rise to this type of integrals, for which no analytical solution is known.
Therefore, their ecient numerical evaluation is of uppermost relevance and is addressed in
this chapter.
Integrals involving product of Bessel functions occur in many dierent elds. For exam-
ple, in electromagnetics this type of integrals arises in problems like the analysis of planar
transmission lines in microwave applications using the spectral domain Galerkin method [1],
or the evaluation of the electromagnetic response of a large circular loop source on a layered
earth models (in both quasi-static and non-quasi-static regions) [2], or still in the problem
of nding the distribution of the current in the earth, when a DC current enters the ground
through a disk electrode [3]. They are also encountered in the hydrodynamics, when dealing
with problems involving particle motion in unbounded rotating uids [4], [5], in elasticity
theory when studying the crack problems [6], in acoustics when analyzing the problem of the
projection of a wave out of the end of a circular tube [7] and, nally, in biology, associated to
problems of distortions of nearly circular lipid domains [8].
Several methods have been proposed in the literature to treat this problem. Inspired by
Trefethen's famous 100-Digits challenge, Van Deun and Coolis [9] developed an algorithm for
evaluating the innite integrals containing products of an arbitrary number of Bessel functions
of the rst kind and the ancillary polynomial function of power n. The oscillating asymptotes
are rst extracted and evaluated analytically using the incomplete Gamma function with
complex argument, while the remaining part is integrated numerically using conventional
quadrature methods. Further elaboration of this method is presented in [10], extending it to
the integration of the arbitrary product of Bessel functions with an additional exponential
or rational factor over a semi-innite interval. In [1], integrals containing products of two
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Bessel functions are represented as a sum of one denite integral that can be calculated with
the help of conventional quadrature formulas, and four semi-innite integrals, such that after
deforming the integration path into the complex plane, they are no longer oscillating, and
therefore can be evaluated using standard Gauss-Legendre quadratures. The solution for this
problem is also oered in [2], for products of only two Bessel functions of the rst kind of order
0 and 1. Finally, in [11] a method is presented that requires transformation of the product
of two Bessel functions into the sum of two regularly oscillating functions. The method uses
the  algorithm and mW transformation of Sidi [12] for accelerating the sequence of partial
sums obtained after applying the integration-then-summation procedure to the transformed
integral.
Here, we adapt to our needs the original study of [11] and we represent the irregular os-
cillatory behavior of the product of Bessel functions in a more suitable way, as a sum of
asymptotically regularly oscillating functions. Their numerical evaluation is then performed
with the help of the robust and ecient New Weighted Averages extrapolation method [13],
which has been described in detail in the previous chapter.
3.2 Integrals with products of Bessel functions
Our goal is to accurately and eciently evaluate the integrals involving products of the Bessel
functions of the rst kind and an arbitrary order:
IB =
Z 1
0
fb(x)Ja(px)Jb(qx)dx: (3.1)
Having in mind the asymptotic behavior of the Bessel function of the rst kind Ja(x),
Ja(px) 
r
2
px
cos(px  a
2
  
4
) (3.2)
the rst, simple idea is to start the development considering the related integral whose kernel
is the product of two cosine functions:
IC =
Z 1
0
fc(x) cos(px) cos(qx)dx (3.3)
and neglecting, for the moment, the additional complexity introduced by the Bessel functions.
Replacing the product of the cosine functions by sums, we obtain the following expression:
IC =
1
2
Z 1
0
fc(x)[cos(x) + cos(x)]dx (3.4)
where  = p+q and  = jp qj. Since  > , the oscillatory behavior is mainly due to cos(x).
The integrand in (3.4) is a typical representation of the amplitude modulation (AM) process,
and for an electrical engineer it is natural to consider cos(x) as a carrier, and cos(x) as a
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modulator. If  and  are rational numbers, i.e.  = 12 and  = 1=2 (1, 2, 1 and 2 are
integers) the sum of two cosine functions in (3.4) is a periodic function, with the period:
T =
2

= 2  LCM(2; 2)
GCD(1; 1)
(3.5)
where GCD stands for greatest common divisor and LCD stands for least common multiplier.
After simple mathematical manipulations, the above integral can be represented as
IC =
1
2
Z 1
0
h 

fc
x


+


fc
x

i
cos(x)dx: (3.6)
By careful examination, it can be seen that the above integrand is asymptotically equivalent to
the real part of the kernel involved in the integral used as a starting point for the development
of the New WA method [13, 14]:
I =
Z 1
0
f(x)e xe jxdx; (3.7)
when  = 0,  =  and f(x) = fc
 
x


+  fc
 
x


. Now, the bold assumption is that
we can use the WA algorithm for the numerical evaluation of (3.3) as a classical oscillating
integral (involving only a single cosine). In a similar way, the integral (3.1) could be treated,
by setting  = 0,  =  and f(x) = 1
x
p
(pq)
[ fc
 
x


+  fc
 
x


].
For the sake of validation of the above described reasoning, we have applied it to the
following two test integrals:
Ex: 1 :
Z 1
0
J2(3x)J1(x)dx =
1
9
(3.8)
and
Ex: 2 :
Z 1
0
J0(x)J1(2x)dx =
1
2
: (3.9)
These two test integrals look similar, but the obtained results are quite dierent. While
for the rst example (3.8) we have obtained less than 3 signicant digits, no matter how
many partial integrals we use, the second integral (3.9) is evaluated with 15 digits precision
(see dashed curves in Fig. 3.1). In order to have a better insight and understand the reason
behind the excellent performance of the method in some cases, and rather poor performance
in others, the integrands of (3.8)-(3.9) and the abscissas xi used as the upper limits of partial
integrals have been plotted in Fig. 3.2. There, it can be seen that the answer lies in the
irregular oscillatory behavior of the integrands.
As discussed in the previous chapter, a numerically stable algorithm is obtained if equidis-
tant abscissas separated by function's half-period  are used as the upper limits of the partial
integrals Ii. Therefore, in the case of simply oscillating integrands, the values of the integrand
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Figure 3.1: Test functions Ex.1 (3.8) and Ex.2 (3.9): Behavior of the algorithm when equidistant
break points separated by function's half-period (dashed lines) and by function's period
(solid lines) are used as the upper limits of partial integrals.
at the endpoints of two successive partial integrals are of opposite signs.
However, when the integrand involves product of two Bessel functions, its oscillating behav-
ior is more complex, and the above condition could be satised depending on the combination
of a; b; p and q. In the case that the combination of a; b; p and q is such that the values of
the integrands at the endpoints of the successive partial integrals are not always of opposite
sign, such as in (3.8), instead of obtaining machine precision accuracy, the nal result is not
better than the one obtained by simple truncation of the integral at a nite value, assuming
that the remaining contribution is negligible. A possible remedy for this problem is to use
equidistant abscissas separated by the function's period 2 as the upper limits of the partial
integrals Ii. However, this choice leads to a numerically unstable algorithm (see solid curves
in Fig. 3.1), since the sequence of partial integrals is monotonically approaching the true value
of the integral, while the corresponding weights alternate in sign [13, 14]. Therefore, the New
WA method, which is very ecient and robust for integrals with simply oscillating integrands,
cannot be straightforwardly applied to the functions with irregular oscillatory behavior, like
the product of two Bessel functions.
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(a) Test function (3.8).
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(b) Test function (3.9).
Figure 3.2: Behavior of the integrand ( ) and actual positions of the abscissas (}).
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The question that now naturally arises is the possibility of representing the irregular oscil-
latory behavior of the product of Bessel functions as a linear combination of simply oscillating
functions. In [11], Lucas observed that the product of two Bessel function can be written in
the following way:
Ja(px)Jb(qx) = h1(x; a; b; p; q) + h2(x; a; b; p; q) (3.10)
where
h1(x; a; b; p; q) =
1
2
[Ja(px)Jb(qx) Ya(px)Yb(qx)] (3.11)
and
h2(x; a; b; p; q) =
1
2
[Ja(px)Jb(qx) + Ya(px)Yb(qx)]: (3.12)
This can be considered as the mathematical generalization for the Bessel functions of the clas-
sic decomposition of a product of cosine functions into sums. The behavior of the functions h1
and h2 is illustrated in Fig. 3.3, for the case of the product of the Bessel functions J2(3x)J1(x)
from the example (3.8).
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Figure 3.3: Test function (3.8): behavior of h1 and h2.
Taking into account the asymptotic behavior of the Bessel functions of the rst kind (3.2)
and the second kind:
Ya(px) 
r
2
px
sin(px  a
2
  
4
) (3.13)
it can be shown that the functions h1 and h2 for p 6= q are asymptotically approaching cosine
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functions in a similar manner to the Bessel function:
h1(x; a; b; p; q)  1

p
pqx
cos

(p+ q)x  (a+ b+ 1)
2

(3.14)
and
h2(x; a; b; p; q)  1

p
pqx
cos

(p  q)x  (a  b)
2

: (3.15)
Hence, the WA method should be as ecient for integrating the functions fb(x)h1(x; a; b; p; q)
and fb(x)h2(x; a; b; p; q) over an innite interval as for integrating fb(x)Ja(px).
As a conclusion, the New WA method should be able to evaluate the integral IB in (3.1),
including products of Bessel functions, by writing it as:
IB =
Z 1
0
fb(x)h1(x; a; b; p; q)dx+
Z 1
0
fb(x)h2(x; a; b; p; q)dx (3.16)
and evaluating independently each integral.
3.3 Algorithm description
Despite the positive conclusion of the previous paragraph, the direct application of the WA
algorithm to the evaluation of the integrals arising in (3.16) is not convenient because of the
singular behavior of the Bessel function of the second kind, Ya(x), at the origin. Depending
on the combination of a; b; p and q, it can easily happen that one of the Bessel functions of the
second kind has large magnitude, while the other oscillates. Then, the initial oscillations of the
product of Ya(px)Yb(qx) in equations (3.14)-(3.15) have large magnitudes, and dominate the
results of the integrals involving h1 and h2. Moreover, since the contributions of the product
of Bessel functions of the second kind to h1 and h2 are of opposite sign, loss of accuracy will
inevitably occur due to addition of two almost identical large numbers of dierent signs. To
circumvent this drawback, we split the integral (3.1) into three parts, according to [11]:
I = If + Ih1 + Ih2 =
=
Z xmax
0
fb(x)Ja(px)Jb(qx)dx+
Z 1
xmax
fb(x)h1(x; a; b; p; q)dx+
Z 1
xmax
fb(x)h2(x; a; b; p; q)dx
(3.17)
thus avoiding the singular behavior of the functions h1 and h2 at the origin (see Fig. 3.3).
The breakpoint xmax used to split the integral into the nite and innite parts is chosen to
be the largest of the rst zeros of Ya(px) and Yb(qx). Since the oscillatory behavior of the
Bessel function of the second kind begins after its rst zero, this choice of xmax guarantees
the proper behavior of the functions h1 and h2, for x > xmax. The integral If is the integral
of a smooth and oscillating function on a nite interval. Even if a and b are signicantly
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dierent, the product Ja(px)Jb(qx) on [0; xmax] will have only a nite number of oscillations.
Therefore, If can be accurately calculated using adaptive Patterson quadrature formulas [15].
If p 6= q, both h1 and h2 are approaching a cosine function and the New WA algorithm
can be applied for the evaluation of the semi-innite integrals Ih1 and Ih2. Equidistant break
points given by
x1;i = xmax + i

(p+ q)
(3.18)
and
x2;i = xmax + i

jp  qj (3.19)
when i = 0; 1; : : : are employed as upper limits of the partial integrals in the cases of Ih1 and
Ih2, respectively. The partial integrals are calculated as
Ihj;i =
Z xj;i
xmax
fb(x)hj(x; a; b; p; q)dx =
iX
k=0
Z xj;k+1
xj;k
fb(x)hj(x; a; b; p; q)dx =
iX
k=0
IPhj;k (3.20)
where xj;0 = xmax, j = 1; 2 and i = 1; 2; : : :. Each of the nite integrals in (3.20), IPhj;k ,
is evaluated using the Gauss-Legendre quadrature of order 16. Now, if we assume that the
function fb behaves asymptotically as
fb(x)  C1e 1xx1 (3.21)
which is true for a wide class of functions appearing in practical problems, then the integrals
Ih1 and Ih2 can be calculated applying WA formulas (2.78):
Ihj =
NX
i=1
wj;iIhj;i
NX
i=1
wj;i
(3.22)
with
wj;i =

N   1
i  1

e1xj;ixN 1 1j;i ; (3.23)
where j = 1; 2. The behavior of the transformed integrals If ; Ih1 and Ih2, together with the
points x1;i and x2;i used as upper limits of partial integrals in (3.20), is shown in Fig. 3.4.
If p = q, the function h1 still asymptotically approaches the cosine function, and therefore
the integral Ih1 can be calculated as described above. On the other hand, h2 now approaches
a monotonically decreasing function. Hence, if in (3.21) the coecient 1 6= 0, the integral
Ih2 can be still evaluated using the WA method, but now equidistant abscissas separated by
=1 must be used as upper limits of partial integrals in (3.20), and the weights are given
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as (2.92):
w2;i = ( 1)i+1

N   1
i  1

e1x2;ixN 1 12;i ; (3.24)
Otherwise, for evaluating Ih2 one of the routines for adaptive integration over an innite
interval should be applied, as for example dqdagi IMSL routine or quadgk routine of MATLAB.
Nevertheless, as soon as p and q are not identical, the function h2 asymptotically approaches
a cosine function, and the integral Ih2 can be evaluated using the above described technique.
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Figure 3.4: Test function (3.8): behavior of the three integrands, If , Ih1 and Ih2, obtained by applying
(3.17) and the abscissas x1;i and x2;i used as upper limits of the partial integrals.
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3.4 Numerical results
In this section, we perform several numerical experiments in order to demonstrate the accuracy
and eciency of the proposed method. Besides (3.8) and (3.9), we test 8 more functions:
Ex: 3 :
Z 1
0
x 4J0(x)J5(2x)dx =
27
4096
(3.25)
Ex: 4 :
Z 1
0
x 2J0(5x)J3(10x)dx = 0:703125 (3.26)
Ex: 5 :
Z 1
0
xJ0(2x)J0(3x)dx = 0 (3.27)
Ex: 6 :
Z 1
0
J0(x)J1(1:5x)dx =
2
3
(3.28)
Ex: 7 :
Z 1
0
J2(4x)J1(x)dx =
1
16
(3.29)
Ex: 8 :
Z 1
0
x
1 + x2
J0(x)J20(1:1x)dx   6:05:::  10 3 (3.30)
Ex: 9 :
Z 1
0
x
1 + x2
J4(x)J0(1:1x)dx = I4(1) K0(1:1) (3.31)
Ex: 10 :
Z 1
0
x
1 + x2
J20(x)J0(1:1x)dx = I20(1) K0(1:1) (3.32)
where Im is the modied Bessel function of the rst kind and order m, and K0 is the modied
Bessel function of the second kind and order 0. Examples (3.25) - (3.27), (3.28) - (3.29)
and (3.31)-(3.32) are special cases of the Abramowitz and Stegun [16] equations 11.4.41
and 11.4.42 (Weber-Schafheitlin integral) and Gradshteyn and Ryznik [17] equation 6.577,
respectively. Although the integrals in (3.30) and (3.32) look very similar, to the best of
author's knowledge, the analytical solution for (3.30) does not exist, and for its result we
use the numerical value from [11], which is evaluated with machine precision accuracy. The
number of signicant digits versus the number of partial integrals is shown in Fig. 3.5, for
the ten integrals.
From the presented results, one can easily identify that very high accuracy is obtained
in all the cases that are studied. The lowest accuracy, of 11 signicant digits, is obtained
for the integral Ex: 9 (3.31). The reason is as follows: since p and q are close together,
the interval of the nite integrals IPhj;k , which is inversely proportional to jp  qj, is clearly
becoming quite large. Then, depending on the behavior of the integrand, the order 16 of the
Gauss-Legendre quadrature could be insucient for evaluating the integrals IPhj;k to machine
precision accuracy. The error of evaluating the partial integrals is thus introduced into the
WA algorithm. This problem is easily solved by using a higher order of the quadrature rule.
As general recommendation, in the cases that p and q are close together, a higher order of
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Gauss-Legendre quadrature should be used for evaluating the partial integrals, in order to
assure their accurate calculation.
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Figure 3.5: Number of signicant digits vs. number of partial integrals for Ex. 1 - Ex. 10.
In [11] it was noticed that if a and b are not close together (ja   bj > 5), the function h2
will pass through the transition region before settling into a simple oscillatory behavior of
(3.15) for p  q. The larger the dierence between the orders of the Bessel functions, the
larger the range of p=q for which the function will exhibit this transition behavior. For p=q
suciently dierent from one, the function h2 does not exhibit this transition behavior and
immediately settles into simple oscillations. In the transition region, the function h2 can
behave in two dierent manners.
The rst possibility is that the function will start oscillating immediately, but with a small
initial gap between the zeros of the function (see the dashed blue line in Fig. 3.6(b)). This
behavior does not aect the performance of the method presented here, since this gap is
small and we are not interested in the exact position of the function's zeros.
The second possibility is that the function does not oscillate in the transition region
(see the solid red line in Fig. 3.6(b)). The range of this transition behavior depends
on the dierence between the orders of the Bessel functions. For moderate values of
the dierence (ja   bj < 30), this transition range is small enough so that it does not
inuence the behavior of the algorithm (see results for Ex: 8 (3.30) in Fig. 3.5), but
for large values of the dierence between the orders of the Bessel functions, the WA
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Figure 3.6: Test functions Ex: 8 (3.30) and Ex: 10 (3.32).
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extrapolation method should not be used before the oscillations start. Hence, the simplest
approach is to use the higher value of xmax as the lower limit of the integration interval for Ih2.
However, since this case was not encountered in any of the practical problems listed at
the beginning of this chapter, we have not developed a special strategy for those cases. This
should be the subject of further investigation. Finally, as an illustration of the complexity of
the integrals we are dealing with, we have depicted in Fig. 3.6(a) the behavior of the products
of the Bessel functions appearing in Ex: 8 (3.30) and Ex: 10 (3.32).
3.5 Generalization of the algorithm
The application of the method presented in this chapter is not limited to the integrals involving
only the product of two Bessel functions of the rst kind, Ja(px)Jb(qx). Following the same
philosophy, the method can be easily generalized for a wider class of problems. Indeed, we
can use this method to deal with the integration of any irregularly oscillating function, which
we are able to express as a linear combination of functions with regular oscillating behavior.
Obviously, the method can be applied to products of sine and cosine functions since this was
the original case from which the method was developed in Section 3.2. However, since the
method is based on the asymptotic behavior of the Bessel functions, it can be generalized
to the product of any two Bessel functions of the rst and/or second kind, as well as to the
product of the sine/cosine and Bessel functions. Here we show the strategy for the integral
involving the Bessel function of the second kind, since an additional complication arises in
this case. For example, the product of Ya(px)Jb(qx) can be expressed as
Ya(px)Jb(qx) = h1(x; a; b; p; q) + h2(x; a; b; p; q) (3.33)
where
h1(x; a; b; p; q) =
1
2
[Ya(px)Jb(qx) + Ja(px)Yb(qx)] (3.34)
and
h2(x; a; b; p; q) =
1
2
[Ya(px)Jb(qx)  Ja(px)Yb(qx)]: (3.35)
Again, using the asymptotic results for the Bessel functions of the rst (3.2) and the second
kind (3.13), it can be easily shown that, for x >> 1,
h1(x; a; b; p; q)  1

p
pqx
sin

(p+ q)x  (a+ b+ 1)
2

(3.36)
and
h2(x; a; b; p; q)  1

p
pqx
sin

(p  q)x  (a  b)
2

: (3.37)
The remaining steps of the method are equivalent to those described within Section 3.3.
However, due to the singular behavior of Ya(px) at x = 0, the nite integral If has an
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endpoint singularity, and instead of the adaptive Patterson quadrature, the double-exponential
quadrature [18] should be used, since the latter one has been shown to be very ecient for
the integration of functions with singularities at the endpoints of the associated integration
interval [19{21].
3.5.1 Products of more than two oscillating functions
This method can be also generalized for integrals involving products of more than two Bessel
functions of arbitrary order and/or sine/cosine functions, although the derivation becomes
more complicated. The complicated irregular oscillatory behavior of the product of n Bessel
functions and/or sine/cosine functions can be rewritten as a sum of 2n 1 functions with
asymptotically regular oscillatory behavior. As an illustration, we show here the case of the
product of three Bessel functions of the rst kind. The product of Ja(px)Jb(qx)Jc(x) can be
represented as a sum of four functions:
Ja(px)Jb(qx)Jc(x) =h1(x; a; b; p; q) + h2(x; a; b; p; q)
+ h3(x; a; b; p; q) + h4(x; a; b; p; q) (3.38)
which are given by
4h1(x; a; b; p; q) = [Ja(px)Jb(qx) Ya(px)Yb(qx)]Jc(x)
  [Ya(px)Jb(qx) + Ja(px)Yb(qx)]Yc(x); (3.39)
4h2(x; a; b; p; q) = [Ja(px)Jb(qx) Ya(px)Yb(qx)]Jc(x)
+ [Ya(px)Jb(qx) + Ja(px)Yb(qx)]Yc(x); (3.40)
4h3(x; a; b; p; q) = [Ja(px)Jb(qx) + Ya(px)Yb(qx)]Jc(x)
  [Ya(px)Jb(qx)  Ja(px)Yb(qx)]Yc(x) (3.41)
4h4(x; a; b; p; q) = [Ja(px)Jb(qx) + Ya(px)Yb(qx)]Jc(x)
+ [Ya(px)Jb(qx)  Ja(px)Yb(qx)]Yc(x): (3.42)
Considering the asymptotic behavior of the Bessel functions (3.2) and (3.13), it can be straight-
forwardly shown that each of those four functions is asymptotically approaching cosine func-
tions:
h1(x; a; b; p; q) 
p
2
2
 1p
(px)3
 1p
pq
sin

(p+ q + )x  (a+ b+ c)
2
  3
4

(3.43)
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h2(x; a; b; p; q) 
p
2
2
 1p
(px)3
 1p
pq
sin

(p+ q   )x  (a+ b  c)
2
  
4

(3.44)
h3(x; a; b; p; q) 
p
2
2
 1p
(px)3
 1p
pq
sin

(p  q + )x  (a  b+ c)
2
  
4

(3.45)
h4(x; a; b; p; q) 
p
2
2
 1p
(px)3
 1p
pq
sin

(p  q   )x  (a  b  c)
2
+

4

(3.46)
Obviously, the next steps are equivalent to those explained when considering the case of the
product of two Bessel functions.
3.5.2 Test cases for the generalized algorithm
To demonstrate the accuracy of this approach, the number of signicant digits is shown in
Fig. 3.7 for the following test cases:
Ex: 11 :
Z 1
0
J1(x)Y0(2x)dx =   1

ln(0:75) (3.47)
Ex: 12 :
Z 1
0
J1(3x)Y0(7x)dx =   13 ln(
40
49
) (3.48)
Ex: 13 :
Z 1
0
xJ3(4x)J1(2x)J2(x)dx = 0 (3.49)
Ex: 14 :
Z 1
0
x3J2(x)J1(2x)J7(4x)dx =
 (7)
210   (2)   (3) : (3.50)
Examples (3.47) - (3.48) and (3.49) - (3.50) are special cases of the Gradshteyn and Ryznik [17]
equations 6.512.6 and 6.573, respectively. From the presented results, one can see that all
the integrals are evaluated with the machine precision accuracy, except the diverging integral
Ex: 14 (3.50), which is dened only in the Abel sense. The achieved accuracy is still very
high, more than 12 exact digits. In order to illustrate the complexity of the integrals we are
coping with, we have depicted in Fig. 3.8 the behavior of the integrands from Ex: 13 (3.49)
and Ex: 14 (3.50).
Following the same philosophy, similar formulas can be derived for any combination of the
product of the Bessel functions of the rst and/or second kind and arbitrary order and/or
sine/cosine functions, if the integrals of this type are needed.
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Figure 3.7: Number of signicant digits vs. number of partial integrals for Ex. 11 - Ex. 14.
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Figure 3.8: Behavior of the integrand.
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3.6 Conclusion
The integrals involving products of the Bessel functions of the rst and/or second kind and/or
sine/cosine functions are very demanding to evaluate, due to the irregular oscillatory behavior
of their kernels. Direct evaluation of these integrals, by truncating the integral at some nite
value and neglecting the contribution of the remaining part (tail or remainder), typically
returns at most a few digits of accuracy. The exception are the integrals with quickly con-
verging kernels, for which higher accuracy might be obtained. However, even in these cases,
evaluating the integrals with machine precision accuracy is usually computationally unaccept-
ably expensive. On the other hand, for the integrals with diverging kernels, as for example
integral Ex: 10 (3.50), which are dened only in the Abel sense, this approach completely
fails to evaluate the true value of the integral, regardless of how large value we use for trun-
cating the integral. Therefore, special methods for evaluating this type of integrals are needed.
In this chapter, an algorithm for ecient numerical evaluation of innite-range integrals
involving products of Bessel functions has been presented. The proposed method remains
valid even when the integrands are not converging, but are dened only in the sense of Abel's
summability. The algorithm requires rewriting the product of Bessel functions as a sum of
asymptotically regularly oscillating functions, and makes use of the New WA extrapolation
technique for their ecient calculation. First, the case of the product of two Bessel functions
of the rst kind of an arbitrary order has been described in detail, and possible complications
involved in the method have been discussed. The superior performance of the proposed
method has been demonstrated throughout numerical experiments.
Also, it has been shown that, by following the same philosophy, the method can be
generalized to the product of an arbitrary number of Bessel functions of the rst and/or
second kind and/or sine/cosine functions, since the irregular oscillatory behavior of the
integrand can be represented as a linear combination of functions with asymptotically simple
oscillating behavior. The solution to the additional complications arising in the case that the
integrand involves the Bessel function of the second kind, caused by its singular behavior at
the origin, has been also suggested. Indeed, the method proposed here is the rst one dealing
with the integrals containing products of Bessel functions of the second kind, although some
ideas about extending [9{11] to this type of integrals were suggested therein.
Finally, through the example of the integral containing a product of three Bessel
functions of the rst kind, the correctness of the approach used to generalize the method
to the product of an arbitrary number of sine/cosine and/or Bessel functions has been proven.
A nal word must be said on the behavior of the proposed method, when compared
with other techniques targeting the same problem. The method presented in [11], which
served as inspiration for transforming the product of the Bessel functions into the sum of
regularly oscillating functions, uses the  algorithm and the mW transformation of Sidi [12]
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for accelerating the sequence of partial sums obtained after applying the integration-then-
summation procedure to the transformed integral. The mW algorithm is suggested as
the more ecient extrapolation technique for accelerating this sequence, but it calls for
accurately locating zeros of h1 and h2, which is not always an easy task. Alternatively, the 
extrapolation algorithm, which allows using the zeros of the asymptotic cosine approximation
of h1 and h2 (3.14)-(3.15) instead of their exact zeros, could be used but this approach leads
to less accurate results, because of the poorer convergence properties of the  algorithm.
The method that we propose uses the New WA extrapolation technique which has been
shown in this thesis to be very robust and ecient for evaluation of semi-innite range
integrals with simply oscillating kernels. This presumption has been conrmed by the author
throughout additional and exhaustive numerical experiments which have been submitted
for publication [14, 22]. The New WA method uses equidistant break point as endpoints of
partial integrals involved in the integration-then-summation technique, and since it obviates
the need of locating the zeros of the integrands, it requires less function evaluations when
compared with the mW algorithm, while preserving its excellent accuracy. Furthermore, the
method from [11] oers solutions for integrals containing product of only two Bessel functions
of the rst kind.
The method proposed in [9], and further elaborated in [10], deals with integrals of prod-
ucts of an arbitrary number of Bessel functions of only the rst kind with additional power,
rational or exponential functions. The interval of integration is rst split into a nite and an
innite part. The nite part is evaluated using the standard Gauss-Legendre quadrature. The
integrand of the innite path is approximated using asymptotic expansions and this approxi-
mation is integrated exactly with the help of the upper incomplete gamma function. Before
evaluating these integrals, the breakpoint separating the innite interval into a nite and a
semi-innite part, as well as the order of an innite-range approximation, must be automati-
cally determined. These two parameters directly inuence the accuracy of the approximation
of the innite integral, and must be therefore carefully selected. There is an innite number of
possible pairs of values of these parameters. An optimization must be performed in order to
choose those parameter values that minimize computational eort. Against this complexity,
the method proposed here is clearly much easier to implement, since it calls only for the New
WA extrapolation method and standard Gauss-Legendre quadrature, while leading to highly
accurate results.
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4 Particle Swarm Optimization Algorithm
4.1 Introduction
The design of electromagnetic (EM) structures is nowadays almost exclusively performed
using one of the numerous electromagnetic simulators available on the market, in conjunction
with optimization techniques. An EM structure is described by its physical dimensions and
electromagnetic properties of the materials it is made of. These are input parameters to the
EM solver, which, with a help of numerical methods, calculates dierent characteristics of
the structure under consideration (for example Z, Y and S parameters, and antenna gain,
among others). We can request for each of these characteristics to have the value that is
lower, higher or equal to some desired value. These requirements represent the optimization
criteria, and their number may vary from one (in the case of the simple optimization problems)
to tens or even hundreds (for extremely complex problems). It is clear that in many cases
it is enormously dicult to nd a desired solution in reasonable time, unless sophisticated
optimization methods are used that provide a \faster search" for the best performance of the
structure of interest.
Scientists and engineers from all disciplines frequently have to deal with the classical prob-
lem of search and optimization. The optimization means an action of nding the best suited
solution of some problem within the given constraints and exibilities [1]. Of course, there
might be not only one, but several solutions satisfying the given criteria, in which case we con-
sider all of them to be equally good (according to our requirements). The owchart describing
the typical design procedure of an EM structure is represented in Fig. 4.1. The optimization
algorithm is driving the optimization of the structure, while its EM analysis is done using an
EM solver, which constitutes the inner step in an optimization loop. To link the optimization
algorithm to the physical problem, a function that accurately describes the structure under
consideration in terms of its parameters and given optimization criteria has to be dened.
This function, which represents in a single number the optimality of the proposed solution, is
called the objective, tness or cost function.
During the last 20 years, the global, derivative-free optimization techniques, and more
specically those called evolutionary algorithms, have evolved as a successful alternatives to
the conventional gradient-based local optimization algorithms [2, 3]. The latter ones frequently
were not capable of solving real-world problems, for which no a priori information about
the optimization space is available. In many cases the cost function is noisy and/or non-
dierentiable, and one cannot trust derivatives or approximate them by nite dierences.
Moreover, even when it is possible to numerically evaluate function derivatives, in many
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practical problems it is very time-consuming. The evolutionary optimization algorithms,
on the other hand, do not make any assumption about the optimization problem, and are
therefore very well suited for a wide class of practical optimization problems. The well-
established global optimization techniques are, among others, the Genetic Algorithm (GA)
[4{7], the Simulated Annealing (SA) [8], the Ant Colony Optimization [9], and the more
recently developed Particle Swarm Optimization (PSO) algorithm [10{12]. These methods do
not rely neither on the derivative information of the cost function nor on its approximation,
but use only the information based on the samples of the cost function. They belong to the
class of heuristic optimization methods, i.e., there is no strict mathematical proof of their
convergence after a nite number of iterations. Also, due to stochastic elements, they do
not necessarily produce the same solution each time. Nonetheless, they have been widely
used in many dierent elds, because of the very good results they usually yield. It has
now become a well known fact among the researchers that these stochastic search algorithms
perform better in complex real life optimization problems when compared to the classical
deterministic algorithms.
INPUT
PARAMETERS
OPTIMIZATION LOOP
EM
SOLVER
OPTIMIZATION
ALGORITHM
COST
FUNCTION
OPTIMIZED
SOLUTION
Figure 4.1: Flowchart describing the design procedure of an EM structure.
In this thesis we focus on the Particle Swarm Optimization algorithm, introduced in 1995
by Kennedy (a social psychologist) and Eberhart (an electrical engineer) [10]. By considering
the movement of bird ocks or sh schools during the food-searching activities in the nature,
they developed the powerful PSO algorithm. The enormous success of the PSO algorithm
has been witnessed by more than 1000 papers published since then in dierent areas, such as
antenna design, biological, medical, and pharmaceutical applications, optimization of commu-
nication networks, design and restructuring of electricity networks, image and video analysis
applications, nance, etc [13]. As researchers have learned about the technique, they have
derived new versions, developed new applications, and published theoretical studies of the
eects of the various parameters and aspects of the algorithm, which are summarized in [14].
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The PSO method was rst used by the electromagnetic community in 2004 [11]. Since then,
it has been continuously gaining popularity, because of its algorithmic simplicity, robustness
and relatively fast convergence. In this chapter, we introduce the basic philosophy of the
PSO algorithm in the concept of the optimization of multilayered electromagnetic structures.
Moreover, with the aim of even further improvement of the convergence characteristics of
the PSO algorithm, we propose a novel Tournament Selection PSO algorithm. This hybrid
algorithm introduces the binary tournament selection, typical for the GA, into the classical
PSO algorithm. Finally, the performances of both methods are compared through several
multilayered EM optimization problems.
A very good performance of the PSO algorithm, when compared to other optimization
algorithms, has been demonstrated by many authors [11, 15]. Clearly, the choice of the \best"
optimization algorithm is problem dependent. For example, the gradient-based algorithms
would be the best choice in case the cost function is dierentiable and a good starting point
for the algorithm can be easily determined. However, the gradient-based algorithm belong
to the class of local optimization methods, since they converge very quickly to the steepest
local minimum in the neighborhood of the starting point. Hence, there is a high chance
that this algorithm will converge to the local, instead to the global minimum. On the other
hand, evolutionary algorithms, being very general and robust, are suitable for a wide class
of optimization problems, especially if little or nothing is known about the behavior of the
cost function. Among them, we have chosen the PSO algorithm, which, due to its relative
simplicity and its suitability for the implementation on the parallel processors, appears to be
quite ecient in antenna optimizations. Finally, the purpose of this chapter is not to study
which optimization method is the best for EM optimization problems, but rather to improve
the performance of the PSO algorithm.
4.2 Classical PSO algorithm
The PSO algorithm is based on the analogy between the movement of bird ocks, sh schools,
or bee swarms, on one side, and the optimization, on the other side. It simulates, in a
computational way, the social behavior of the bee swarms in the process of food searching.
4.2.1 PSO language
Before describing the concept of the PSO algorithm, we must rst introduce its special ter-
minology:
 Particle or agent denotes each individual (bee).
 All particles searching in the optimization space form a swarm.
 Fitness or cost function links the optimization algorithm to the physical problem. It
measures in a single number the optimality of the given solution (represented by the
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position vector in the optimization space). Depending on the formulation of the prob-
lem, it could be necessary to nd the minimum or maximum of this function. As the
maximization problems can be straightforwardly reduced to minimization problems (by
multiplying the cost function by -1), it is sucient to observe only one of the formu-
lations. Here we consider only the minimization problems, since they are more often
encountered both in the practice and in the literature. Furthermore, when dealing with
multiobjective optimizations (for example, in the case of addressing multiple design
factors in practical engineering problems), it is possible to formulate a single-objective
cost function by using the conventional weighted aggregation (CWA) approach, i.e., by
weighting and summing up dierent factors. However, determining the best trade-o
between all factors requires understanding the relative importance of each factor, and
typically calls for an extensive tuning of weighting coecients, especially if the objec-
tives are unrelated. In that case, a more convenient approach is to dene separate cost
function for each objective, and perform the optimization based on the concept of the
Pareto dominance [12, 16].
 pbest is the vector representing the best position that the particle (bee) has found by
itself. Each particle has its own pbest, which is determined by the path it has own.
Every time the particle changes its position, it compares the cost function value of its
new location to that of pbest. If the new location has a smaller cost function value, pbest
is replaced with the new location vector.
 gbest is the vector representing the best position found by the whole swarm together.
Therefore, for the whole swarm there is only one gbest. If any particle is at the location
of a lower cost function, gbest is replaced by that particle position.
4.2.2 Algorithm description
The PSO algorithm searches for the global minimum of the cost function, i.e., it minimizes
the cost function of an EM problem by simulating movement and interaction of particles in
a swarm. The position of a particle corresponds to one possible solution of the EM problem,
i.e., it represents one point in the optimization space. Therefore, in the N -dimensional op-
timization space, each particle's position is represented by an N -dimensional vector. Since
we assume that there is no a priori knowledge of the optimization problem, there is equal
possibility of choosing any point in the optimization space at the beginning of the optimiza-
tion. Hence, PSO starts with randomly chosen positions and velocities of particles. Assume
that at a given iteration t a particle is located at xt. The particle knows its previous position
xt 1, and the current best positions achieved by itself, pbest and by the swarm, gbest. It has,
therefore, three logical directions to progress:
a) follow its own inertia, dened by the dierence xt   xt 1,
b) approach its best result by following the dierence pbest   xt,
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Figure 4.2: Updating the position of the particle.
c) approach the swarm best result by following the dierence gbest   xt.
In practice, a good compromise is to make the particle progress along a linear combination of
these three possibilities (Fig. 4.2). Hence, the particle position is updated as:
xt+1 = xt + vt+1; (4.1)
with
vt+1 = c0  (xt   xt 1) + c1  rand()  (pbest   xt) + c2  rand()  (gbest   xt) (4.2)
where rand() is a function that generates uniformly distributed random numbers between 0
and 1. Quite logically the coecients or weights c0, c1 and c2 are called, respectively the
inertial, cognitive, and social rate coecients. The absolute values of the coecients dene
the acceleration characteristics. For instance, the choice c0 = 1, c1 = c2 = 0 corresponds
to a uniform particle motion, blindly dominated by inertia. A more critical factor is the
consideration of the coecient ratios and of their evolution during the optimization process.
Indeed, it has been demonstrated (see [11, 12]) that, commonly, better performances are
obtained when the value of the inertial coecient c0 (frequently called w in the litera-
ture) uniformly decreases during the iterative procedure. Also, as in most societies, a
good choice is provided by selecting identical values for c1 and c2. However, a degree of
randomness between selsh and social behavior is most welcome (as in many societies)
and can be achieved by multiplying c1 and c2 by rand(). In that way, some particles will
show a somewhat unexpected behavior, deviating from the global trend and exploring
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some a priori unpromising sections of the optimization space. Our implementation uses two
independent random numbers in (4.2) to stochastically vary the relative pull of gbest and pbest.
Finally, the total velocity may undergo a normalization process to t the optimization
space. It has been found that if there are no limits for the velocity of the particles, they might
frequently y out of the meaningful optimization space [10, 11, 17]. Therefore, a maximal
velocity Vmax is introduced as another parameter of the PSO algorithm. Vmax represents
the maximal percentage of the dynamic range of the optimization variable for which the
velocity can change in successive movements of the particle. In our implementation of the
optimization, all dynamic ranges of the optimization variables are scaled to the interval
[-1.0, 1.0], and one unique value for the maximal velocity for all optimization variables is used.
However, experience has shown that this does not always conne the particles within the
solution space, i.e., the particles may still occasionally y to a position beyond the dened
search space, and hence produce an invalid solution. To solve this problem, enclosing the
search space with boundaries has been suggested in [11]. There are four types of boundary
conditions [11, 18]. The characteristics of each boundary condition are depicted in Fig. 4.3,
for the example of a two-dimensional optimization space. These boundary conditions are:
 Absorbing walls. When a particle hits one of the boundaries of the solution space, its
velocity in that dimension is set to zero (see Fig. 4.3(a)).
 Reecting walls. When a particle hits one of the boundaries of the solution space, its
velocity in that dimension changes the sign and the particle is reected back into the
optimization space (see Fig. 4.3(b)).
 Invisible walls. The particles are allowed to y out of the optimization space (see
Fig. 4.3(c)). The particles that go out of the solution space are \penalized" by being
assigned a very high predened value of the cost function. The motivation for this
technique is as follows. Since in many practical applications the most time-consuming
part of the optimization process is the evaluation of the cost function, this approach
saves computational time by calculating only the cost function for the particles within
the allowed optimization space, while not interfering with the natural motion of the
swarm.
 Damping walls boundary condition combines features of the absorbing and reecting
walls (see Fig. 4.3(d)). When a particle hits one of the boundaries (for example, a
boundary of the dimension m), the part of the velocity in that dimension is absorbed by
the boundary and the particle is then reected back to the search space with a damped
velocity:
vt+1;m =  vt+1;m  rand(): (4.3)
Therefore, the behavior of the proposed damping boundary lies in between the perfor-
mances of the absorbing (when rand() = 0 ) and reecting boundaries (when rand() = 1).
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Figure 4.3: Dierent boundary conditions used for particles trying to escape from the optimization
space. (Full circles represent the particle in two consecutive iteration t and t + 1. With
dotted circle, the intermediate position of the particle, when it hits one of the boundaries,
is illustrated).
In our implementation, we use the invisible-walls boundary condition, since it has been
shown to outperform the other three conditions in terms of the computational cost [12].
Furthermore, it is easiest to implement, and in the case of well-dened optimization problems,
the optimized solution is usually not extremely close to the boundaries of the optimization
space.
Finally, trying to nd a good trade-o between the global exploration and the local ex-
ploitation of the solution space, various values of the coecients in (4.2) have been tested
in the literature. First, for the sake of convergence the following condition must be fullled:
c1 + c2 < 3 [17]. Naturally, in order to balance the cognitive part and the social part, most
authors suggest c1 = c2 = 1:5. However, some authors suggest to use c1 > c2 in order to
enforce the global perspective of the PSO. Indeed, increasing c1 encourages global exploration
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of a solution space as the move of each particle is more inuenced by its own pbest than by
gbest, while increasing c2 encourages exploitation of the supposed global minima. Therefore,
choice the c1 > c2 according to [19] allows maintaining the population's diversity for a large
number of iterations, and consequently, avoids premature convergence to a local minimum,
instead of the global minimum. The inertia coecient c0 determines the eect of particles
previous velocity on the new veocity. The rst versions of the PSO algorithm used constant
value c0 = 0:73. Note that this value is very close to the mean value of c1 and c2 (since in (4.2)
they are multiplied by rand() number). Later, the importance of exploration early in the run
(during the rst iterations) was observed, along with the increasing importance of exploitation
of already found minima as run progresses and a time-varying (linearly decreasing from 0.9
to 0.4 over the course run) coecient c0 was suggested in [20]. Actually, it was noticed that
larger values of c0 encourage global exploration of the search space, because then the particle
previous velocity has a dominant eect on the new velocity. Similarly, lower values of c0 pro-
mote local exploitation, since the particles are, in that case, rapidly pulled towards pbest and
gbest. Note that again, the mean value of c1 and c2 roughly corresponds to the value taken
by c0 in the intermediate steps of the optimization run. However, when using a time-varying
coecient c0, special care must be taken in choosing the number of iterations: a too large
number will cause PSO to stagnate waiting for the decrease of c0 to begin the exploitation
of the minima, while a too low number could result in exploitation of local minima before
the swarm had time to adequately explore the optimization space and nd the lowest global
minimum [11].
4.2.3 Algorithm implementation
This section presents the basic steps in the implementation of the PSO algorithm, which are
pictorially shown in Fig. 4.4:
Dene the optimization problem. The optimization starts with dening the optimization
problem, i.e., describing the conguration of the EM structure (its geometry, material pa-
rameters, working frequency) and dening the optimization space (selecting the parameters
to be optimized and their respective ranges). In addition, the PSO algorithm needs some
internal parameters to be specied: the number of particles p, the coecients c0, c1, c2 and
the maximal allowed velocity of the particles, Vmax. Finally, the cost function f must be
carefully dened. The PSO algorithm is \blind", i.e., to perform an eective search for better
and better structures, it only uses samples of the cost functions. Therefore, the cost function
is the only connection between the optimization algorithm and the physical problem in hand,
and its appropriate choice is a crucial step. All the previous steps must be developed for each
optimization, while the following steps are independent of the structure being optimized.
Swarm initialization. To begin searching the solution space, the PSO swarm starts with
randomly chosen positions xi and velocities vi (i = 1; :::; p) of the particles, each of them being
an N -dimensional vector, where N is the number of parameters to be optimized (dimension
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Figure 4.4: Flowchart depicting the PSO algorithm.
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of optimization space). Since the initial position of a particle is the only position visited by
the particle at the beginning of the optimization, that position becomes particle's pbest. The
position of the particle with the lowest cost function becomes gbest.
Search of the optimization space. After the initialization of the algorithm, particles start
interacting in the process of searching the optimization space, until the stopping criterion
has been reached. As usual, the stopping criterion is either a cost function threshold or the
maximum number of iterations. In our implementation, one iteration represents one call of
the cost function evaluation, i.e., one call to EM solver. Hence, during one iteration one
particle changes its velocity and position according to (4.1) and (4.2). The following steps are
performed individually for each particle, cycling throughout the whole swarm:
 Update the particle's velocity according to (4.1)
 Update the particle's position according to (4.2)
 Update the particle's pbest: if f(xi) < f(pbesti) then pbesti = xi
 Update gbest: if f(xi) < f(gbest) then gbest = xi
Note that interaction of the particles while searching the optimization space is provided only
through the information given by the \best" one, i.e., the whole swarm has only the infor-
mation about the memory of the best member, gbest. This position inuences the movement
of the whole swarm, while the best positions of the other particles, pbest, inuence only their
own moves.
4.2.4 Swarm convergence
In order to have a better insight into the behavior of the particles throughout the optimization
run, we consider a swarm consisting of 15 particles in the process of searching for a global
minimum of the two-dimensional Rastrigin function within the search space [ 5, 5]. This
function is frequently used as a benchmark problem for optimization algorithms. For two
independent variables, x1 and x2, the Rastrigin function is dened as:
f(x1; x2) = 20 + x21 + x
2
2   10(cos(2x1) + cos(2x2)): (4.4)
Its behavior is depicted in Figs. 4.5 and 4.6. One can see that this is a fairly dicult
optimization problem due to a large number of local minima in the search space. The
function has just one global minimum at the point [0, 0] in the x0y plane, where the value of
the function is 0. At any local minimum other than [0, 0], the value of the Rastrigin function
is greater than 0. The further is the local minimum from the origin, the larger is the value of
the function at that point.
The example of the particles progress throughout the optimization process is shown in
Figs. 4.7 and 4.8. The asterisks in the plots represent the positions of the particles, while the
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Figure 4.5: Two-dimensional Rastrigin function: 3-D view.
Figure 4.6: Two-dimensional Rastrigin function: alternating maxima and minima.
arrows show their velocity vectors. The particles start searching the optimization space from
random positions and with random velocities. In the rst few iterations, the swarm is spread
within the optimization space. Moreover, the velocities of the particles are fairly large. This
is the exploration phase of the optimization process, in which the particles are moving a
lot, gathering information about the optimization space. As the optimization advances, and
particles have more and more information about the optimization space, the optimization
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Figure 4.7: Swarm consisting of 15 particles in the process of searching for global minimum of the
2-D Rastrigin function.
slowly progresses towards its exploitation phase. The movement of the particles is less
aected by inertia, and the collected information about the optimization space (pbest and
gbest) starts having the dominant eect on the next particle positions. However, in our case
the swarm starts converging towards the one of the local minima instead towards the global
minimum. As can be seen from Figs. 4.8(a) - 4.8(c) at one moment almost all the particles
are \trapped" in the local minimum. Their velocities are small, since all the particles have
very similar positions and pbest, and the coecient c0 has a relatively small value in this
stage of the optimization run. Nevertheless, thanks to the rand() function in (4.2), some of
the particles are still searching the parts of the optimization space that, according to the
information the swarm has gathered until that moment (pbest and gbest), are considered
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Figure 4.8: Swarm consisting of 15 particles in the process of searching for global minimum of the
2-D Rastrigin function.
unpromising. Thanks to this somewhat unexpected behavior of some particles, which deviate
from the global trend, one of the particles \escapes" the local minimum (Fig. 4.8(c)), and
nds the lower, global minimum. Already in the next iterations, the whole swarm is pulled
towards the newly discovered better position (Fig. 4.8(d)). This move obviously would not
be possible without the stochastic terms in (4.2). Therefore, these stochastic terms are one of
the secrets of the success of the PSO algorithm in the process of searching the optimization
space, and its ability to handle dicult multimodal problems.
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Due to the quite large number of local minima in the search space, this optimization prob-
lem, although only two-dimensional, is fairly dicult. We have selected a moderate number
of particles, which is one of the reasons why the algorithm, at one moment, converged to one
of the local minima. This could have been avoided if a larger number of the particles were
searching the optimization space. Nevertheless, this example is a very good illustration of the
ability of the PSO algorithm to nd the global minimum of the optimization problem, even
after prematurely converging to one of the local minima.
4.3 Tournament selection PSO
The classical PSO algorithm is known to have very good convergence properties. However,
since usually, the EM simulation is the most time-consuming part of the optimization, reducing
the overall number of iterations (EM solver calls) is always welcome. Here we introduce the
tournament selection strategy, typical for the Genetic Algorithm [7], to see if it can further
improve the convergence performances of the classical PSO. This new hybrid algorithm is
called the Tournament Selection PSO (TS-PSO) algorithm [21{23].
1
2
3
4
5 2
3 5
1
24
f2<f4
2
OLD SWARM NEW SWARM
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Figure 4.9: Binary tournament selection.
The tournament selection is introduced in the PSO algorithm in the following way. After
the whole swarm has moved, the tournament selection is applied to form a new swarm.
We randomly choose a subpopulation of M particles. These particles then compete in
a tournament, based on the values of their cost functions. The particle with the lowest
value of the cost function wins the tournament and becomes the member of a new swarm.
All the particles are then placed back to the initial pool of particles, and the process is
repeated for p times, where p is the number of particles in the initial swarm. Therefore,
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the new swarm, built in this manner, can have several particles with the same starting position.
The implementation of this strategy is fairly straightforward. First, we enumerate all
the particles in the swarm. Then, for the tournament played by M particles, we generate
M random integers between 1 and the number of the particles in the swarm, p. These
numbers indicate the particles participating in the tournament. For the sake of illustration,
we consider the case of a binary tournament selection (M = 2) and a swarm consisting of
p = 5 particles (see Fig. 4.9). We generate two random numbers between 1 and 5. If, for
example, the numbers 2 and 4 are generated, so that in the tournament selection we should
compare the cost functions of the 2nd and 4th particle from the swarm. The one with the
smaller cost function is selected for the new swarm. These two particles are then placed back
in the pool, and the procedure is repeated 5 times.
The TS - PSO algorithm diers from the classical algorithm only in the tournament selec-
tion, i.e., each time the whole swarm has moved, the tournament selection is played in order
to build a new swarm. This new swarm continues searching the optimization space (during
the next p iterations) in the same manner as the classical PSO algorithm. Note, that in the
case of the TS - PSO, the swarm changes after every p iterations.
4.4 Optimization Examples
Both the classical PSO and the new hybrid version of the PSO, called the Tournament Selec-
tion PSO algorithm, have been applied to several layered-media problems, in order to compare
their convergence performances. Both algorithms are implemented in C/C++ programming
language. For the analysis of EM structures, we use an in-house solver (implemented in
FORTRAN programming language) based on the mixed-potential integral equations specially
tailored to model planar multilayered structures [24, 25]. The interface between the PSO algo-
rithms and the EM simulator is provided by MATLAB, which allows for a proper automation
of the exchange and post-processing tasks involved in the computation of the cost function.
The implemented PSO parameters are now detailed for each case.
Classical PSO algorithm
For the classical PSO algorithm, the following values of the parameters are used in all the
considered optimization examples: time-varying c0 decreasing from 0.9 to 0.4 over the course
run is set, as suggested in [11], and c1 and c2 are equal to 1.5. The maximal particle velocity
is set to be equal to the dynamic range for each dimension of the optimization space. The
invisible-wall boundary condition is applied for particles that go out of the solution space.
Note that since c1 and c2 are multiplied by a random number rand(), their mean value (0.75)
roughly corresponds to the value taken by c0 in the intermediate steps of the optimization
process.
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Tournament selection PSO algorithm
For the TS - PSO the binary tournament selection strategy (M = 2) is selected because of
the following reason. The tournament selection strategy increases the search pressure and
speeds up the convergence because several copies of the better individuals can propagate
from iteration to iteration, whereas the individuals with larger values of the cost function are
more likely to be lost. The search pressure is easily adjusted by changing the tournament
size. If the tournament size is larger, weak individuals have smaller chances to propagate.
Therefore, the higher is the number of the particles playing the tournament, the faster is
the convergence, since the probability of propagating good solutions is increased. However,
a too strong pressure often causes the premature convergence of the algorithm into a local
minimum, and the swarm diversity is likely to be quickly lost. For that reason, the tournament
size M = 2 is chosen. Moreover, in order to keep the diversity of the swarm throughout the
optimization, the constant value c0 = 0:73 is used.
4.4.1 First optimization problem: microstrip antenna
The rst optimization problem is a classical microstrip antenna [26]. It consists of a feeding
line, a quarter-wavelength transformer, and a radiating patch, as illustrated in Fig. 4.10. The
Wf
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patch
feeding line
Figure 4.10: Microstrip antenna.
optimization parameters are the length L and the width W of the patch (which determine
the operating frequency of the antenna) and the length Lm and the width Wm of the
quarter-wavelength transformer (a matching transmission line that ensures the impedance of
the patch is matched to the 50 
 feeding line). The length and the width of the 50 
 feeding
line are Lf = 20 mm, Wf = 2:403 mm. The dielectric layer on which the metallization is
printed is Duroid with "r = 2:2 and tan  = 0:0009 of thickness h = 0:7874 mm and backed
by a ground plane.
A microstrip antenna is a narrowband radiator. By optimizing the specied geometry, its
bandwidth is not aected, but we will be able to target its operating frequency (in our case
set to be f = 3 GHz). The optimization goal is to minimize the reection coecient of the
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structure, s11, at the operation frequency.
The cost-function is dened as:
fcost = s11 [dB] (4.5)
and the boundaries of the optimization space are reported in Table 4.1. By using decibels
(dB) the minimum of the cost function is put at fcost =  1, instead of the more intuitive
fcost = 0, if linear values of the reection coecient s11 are used. Nevertheless, using dB
gives more dynamics to the search. On the other hand, values below  40 dB (10 4 in linear
scale) are considered negligible in practice.
Both algorithms are run for 10 times to estimate the average outcome of the optimization.
The averaged-best found values of s11 versus the number of iterations are shown in Fig. 4.11.
Table 4.1: Input and optimized parameters of the microstrip antenna optimization problem.
parameter to optimize boundaries [mm] optimized value [mm]
patch length L 20  L  50 33.112491
patch width W 20  W  50 48.687532
quarter-wavelength transformer length Lm 10  Ls  30 20.442849
quarter-wavelength transformer width Ws 0.1  Ws  10 0.753805
Figure 4.11: Microstrip antenna optimization problem: convergence of the algorithms.
We see that the tournament selection signicantly speeds up the convergence of the PSO
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algorithm. For example, to nd the geometry with s11 =  40 dB, the TS-PSO needs 500
iterations, whereas the classical PSO requires more than 1000 iterations (cost function evalua-
tions). Therefore, the TS-PSO is twofold more ecient, in terms of computational time, when
compared to the classical PSO. Furthermore, the optimum number of particles p is equal to
20 for this 4-dimensional optimization problem. Finally, the parameters of the best among
optimized geometries are given in Table 4.1, leading to s11 <  40 dB.
4.4.2 Second optimization problem: SSFIP antenna
The second optimization problem is an SSFIP (Strip-Slot- Foam-Inverted-Patch) antenna [27],
shown in Fig. 4.12. It is well-known that microstrip patch antennas have signicant advantages
in terms of size, ease of fabrication and compatibility with printed circuits. However, their
main drawback is their relative narrow bandwidth. In order to overcome this problem, the
SSFIP antenna concept was developed [27]. The coupling from the line to the patch is provided
by a slot etched in the ground plane. The slot must not resonate over the operating frequency
band of the antenna in order to avoid radiation toward the back of antenna, which would
interfere with the radiation from the patch.
(a) Geometry. (b) Optimization parameters.
Figure 4.12: SSFIP antenna.
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The optimization parameters are: the length L and the width W of the patch antenna,
the length Ls and the width Ws of the slot, the oset D between the centers of the patch
antenna and the slot, and the length of the feeding line (see Fig. 4.12). The boundaries of the
optimization space are reported in Table 4.2.
Table 4.2: Input and optimized parameters of the SSFIP antenna optimization problem.
parameter to optimize boundaries [mm] optimized value [mm]
patch length L 10  L  100 67.891742
patch width W 10  W  100 38.577134
slot length Ls 0.5  Ls  4 0.920157
slot width Ws 10  Ws  90 64.208835
feeding line length Lf 0  Lf  50 44.060315
patch-slot oset D  30  D  30 27.525812
The optimization goal is to minimize s11 at the operating frequency (1.75 GHz), while
controlling the antenna bandwidth. From our experience, we dened the cost function as
follows:
f = 1:66 GHz) fcost1 =
(
0; if s11(f) >  5 dB
j s11(f) j  5; if s11(f)   5 dB
(4.6)
f = 1:75 GHz) fcost2 =
(
0; if s11(f)   50 dB
50  j s11(f) j; if s11(f) >  50 dB
(4.7)
f = 1:84 GHz) fcost3 =
(
0; if s11(f) >  5 dB
j s11(f) j  5; if s11(f)   5 dB
(4.8)
fcost = fcost1 + fcost2 + fcost3 (4.9)
If the optimized structure satises our requirements, i.e., if the reection coecient of the
structure, s11, is grater than  5 dB at the frequencies f = 1:66 GHz and f = 1:84 GHz,
and smaller than  50 dB at f = 1:75 GHz, the cost function will have the optimal, minimal
value fcost = 0.
Both algorithms are run for 10 times to estimate the average outcome of the optimization.
The averaged-best found solutions versus the number of iterations are shown in Fig. 4.13.
After 2000 iterations both algorithms converge to practically the same value. Nevertheless,
the Tournament Selection PSO algorithm has faster convergence. Within the given optimiza-
tion space, there are several solutions satisfying our requirements. The geometry of one of
those solutions is given in Table 4.2, and the s11 parameter corresponding to that solution is
depicted in Fig. 4.14. We should point out that both algorithms found solutions satisfying
our requirements.
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Figure 4.13: SSFIP optimization problem: convergence of the algorithms.
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Figure 4.14: The reection coecient s11 of the SSFIP antenna that satises our requirements.
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4.4.3 Third optimization problem: Broadside coupled lter
The third optimization problem is a broadside coupled lter, shown in Fig. 4.15. All
the resonators are printed on dierent substrates and placed one above the other. The
optimization parameters are the lengths of the resonators, L1 and L2, their width, W and
the resonator osets from the box, dX2 and dX3 (see Fig. 4.15). The boundaries of the
optimization space are reported in Table 4.3.
We want our lter to have s11   20dB for the band-pass frequencies, and we want to
control its bandwidth. For that purpose, the cost-function is dened as:
f = 6:835 GHz) fcost1 = js11 + 5j (4.10)
f = 6:840 GHz) fcost2 = js11 + 10j (4.11)
f = 6:865 GHz) fcost3 =
(
0; if s11(f)   20 dB
20  js11(f)j; if s11(f) >  20 dB
(4.12)
f = 6:905 GHz) fcost4 =
(
0; if s11(f)   20 dB
20  js11(f)j; if s11(f) >  20 dB
(4.13)
f = 6:945 GHz) fcost5 =
(
0; if s11(f)   20 dB
20  js11(f)j; if s11(f) >  20 dB
(4.14)
f = 6:965 GHz) fcost6 = js11 + 10j (4.15)
f = 6:875 GHz) fcost7 = js11 + 5j (4.16)
fcost =
7X
i=1
fcosti (4.17)
If all our requirements are satised, the cost function will have the optimal, minimal value
fcost = 0. In the case that any of the requirements is not satised, the value of the cost
function will be grater than 0.
Both algorithms are run for 10 times. The averaged-best found solutions versus the number
of iterations are shown in Fig. 4.16. For a small number of iterations the Tournament Selection
PSO algorithm has faster convergence. After 1000 iterations it is slightly outperformed by
the classical PSO algorithm. Nevertheless, the Tournament Selection PSO still nds a very
good solution. The cost function value of the best of 10 solutions found by the classical PSO
is 2.562, while the best solution found by the Tournament Selection PSO gives slightly higher
value of the cost function: 2.709. The geometry of the best found solution is reported in
Table 4.3, and the s11 parameter of the corresponding structure is shown in Fig. 4.17.
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(a) Geometry. (b) Optimization parameters.
Figure 4.15: Broadside coupled lter.
Table 4.3: Input and optimized parameters of the broadside coupled lter optimization problem.
parameter to optimize boundaries [mm] optimized value [mm]
rst resonator's length L1 3  L1  5 3.673094
second resonator's length L2 16  L2  18 16.949250
third resonator's length L3 16  L3  18 16.786691
resonator width W 1  W  2 1.492699
resonator-box oset dX2 1  dX2  3 1.352223
resonator-box oset dX3 1  dX3  3 1.084593
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Figure 4.16: Broadside coupled lter optimization problem: convergence of the algorithms.
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ection coecient s11 of the optimized broadside coupled lter.
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4.5 Conclusion
In this chapter we have introduced the Particle Swarm Optimization algorithm in the context
of optimization of multilayered planar structures. The PSO algorithm is known to be very
robust (the default values of the PSO parameters suggested in the literature work very well for
a wide class of problems), easy to implement and relatively computationally inexpensive (i.e.,
it has relatively fast convergence). However, when the PSO algorithm is used to perform the
optimization of an electromagnetic structure, the cost function is typically based on the results
provided by an EM simulator. In each iteration, PSO is suggesting new solution, and the EM
analysis for the new geometry must be run. Therefore, as the EM simulation is usually the
most time-consuming part of the optimization, reducing the overall number of iterations (EM
solver calls) is of uppermost relevance. In that context, we have proposed a new, modied
version, the Tournament Selection PSO algorithm. This hybrid algorithm introduces in the
classical PSO algorithm the tournament selection, successfully used in genetic algorithm.
To compare the performances of the algorithms, both the classical and the Tournament Se-
lection PSO algorithms have been applied to three multilayered media problems: a microstrip
antenna, an SSFIP antenna and a broadside coupled lter. To analyze these structures,
the PSO algorithms are coupled to in-house EM solvers based on the mixed-potential inte-
gral equations specially tailored to model planar multilayered problems. From the presented
results, one can see that the tournament selection always signicantly speeds-up the conver-
gence of the PSO algorithm. Although in some cases the Tournament Selection PSO could
be slightly outperformed by the classical PSO if given unlimited number of iterations, the
Tournament Selection PSO provides a much faster rate of convergence in the rst phases of
the iterative process. A number of iterations, between 3 and 5 times smaller, is usually needed
to reach satisfactory small values of the cost function.
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5 Conclusion
5.1 Thesis assessment
Antennas and electromagnetic sensors are becoming a basic component and a keystone for
areas like health care, biology, wireless networks, Earth sciences and even quantum photonics
(nanoantennas). All these areas can benet from a deeper understanding of antenna
operation in their specic environment and from the availability of adequate electromagnetic
(EM) modeling tools. In that context, we need reappraisal of the existing techniques and the
development of the new ones for mathematical modeling and designing innovative antennas
and wireless sensors required by future applications. The ultimate goal is the existence
of computer models able to eciently (in terms of accuracy, memory requirement and
computational cost) predict and optimize the performance of complex antennas in complex
environments. However, in order to be ecient, one must tackle a very reduced part of this
large research panorama and do it in a rather deep way. This thesis has addressed some of
these specic and very specialized challenges. In doing so, it contributes to the development
and improvement of accurate electromagnetic modeling and optimization algorithms for an
ubiquitous class of antennas, the planar printed antennas.
Antennas and scatterers embedded in planar stratied media are frequently analyzed by
means of integral-equation (IE) formulations combined with a discretization procedure, like
the Galerkin Method of Moments (MoM). Among several variants in which the IE model can
be cast, the mixed potential integral equation (MPIE) is usually considered to be the most
ecient technique because of its weakly singular kernel. In the application of MoM for the
solution of MPIE, a key aspect for speed and accuracy is the development of fast and accurate
algorithms for the evaluation of Green's functions in spatial domain, which are customarily
expressed in terms of the well-known Sommerfeld integrals (SIs). Generally, analytical
solution of the SIs is not available, and direct numerical integration is out of question,
since the integral kernels may possess singularities on and/or near the integration path, and
are, moreover, both highly oscillatory and slowly decaying. Therefore, specially tailored
techniques for ecient evaluation of SIs are needed. This problem has been extensively
treated for over 30 years and several methods are already available [1{18]. Although it is now
a classical one, the problem of ecient evaluation of SIs is still attracting a lot of interest,
because of the very important role the SIs play in many EM problems. The recent liter-
ature in this area is very extensive, thus witnessing the relevance and the actuality of the topic.
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There are mainly two diculties arising in the evaluation of SIs. The rst one is related
to the oscillating and slowly converging, or even diverging, kernels of the integrals which are
extending over semi-innite intervals. The second diculty is due to the possible occurrence
of surface-wave poles and branch-point singularities in the integrands. Luckily enough, by
decomposing the semi-innite integration interval into two parts [0;1] = [0; a] [ [a;1], the
above mentioned diculties can be separately treated. Here, a is appropriately selected to
guarantee that the second interval is free of singularities.
In Chapter 2 of this thesis, both problems have been addressed. First, for the evaluation
of the rst part of the SI (over [0; a]), the real-axis integration path is selected. The pole
extraction technique from [19] is used to annihilate the surface-wave pole singularities.
For the treatment of the remaining branch-point singularity, the double-exponential (DE)
quadrature formulas are utilized. Throughout several representative numerical examples, it
was shown that the proposed approach remains valid and computationally inexpensive for
both small and large values of the source-observer distances (which acts as a multiplicative
parameter in the argument of the Bessel function). More precisely, when compared to the
integration along the half-sine path in the complex plane, which has been commonly used,
the newly proposed scheme yields the same accuracy of the nal results, while substantially
reducing the computation time. Not only the proposed technique is very accurate and
ecient, but it is also very easy to implement. The pole extractor from [19] can be embedded
in routines for numerical evaluation of SIs in an entirely automatic way, while the weights
and abscissas of the proposed DE quadrature can be precomputed.
For the evaluation of the remaining semi-innite SI tail, the classic weighted averages
(WA) algorithm was rst reviewed. This method is currently recognized as the most
competitive algorithm to evaluate Sommerfeld integral tails. In the literature it is also
referred to as the Mosig-Michalski transformation.It calls for the transformation of the
innite SI tails into an innite sequence of partial nite integrals and acts upon this sequence
as a convergence accelerator. The reappraisal of the classic WA method led to a new
algorithm, called the New WA method, in which iterative and recursive nature of the classic
WA is eliminated and replaced by a unique weighted means. The New WA method can
be considered as a generalization of the well established Holder and Cesaro means, used
to sum divergent series [20, 21]. Numerous advantages of the new algorithm have been
demonstrated. First of all, it was shown that its theoretical construction is straightforward,
well dened and fully supported by a rigorous mathematical background. Secondly, it was
demonstrated that, due to its more compact formulation, devoid of iterative and recursive
steps, the New WA method is easier and more economical (in terms of basic operations)
to implement, when compared to the classic WA method. Moreover, the new formulation
is more robust than the classic one, as it provides a unique formulation, valid for both
monotonic and oscillating functions. Finally, throughout numerous numerical examples it
was also shown that the New WA outperforms, in terms of accuracy, the classic WA algorithm.
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In Chapter 2, a novel technique for fast and accurate computation of SI tails via direct
integration, based on DE-type quadrature formulas was also proposed. The method makes
use of the quadrature formula based on Bessel function zeros and combines it with an
appropriate variable transformation. More precisely, the selected variable transformation
guarantees that the nodes of the quadrature approach double-exponentially to the zeros of
the corresponding Bessel function, thus admitting the accurate evaluation of SI tails using
moderate number of function evaluations. When compared to WA algorithms, the proposed
method gives, on average, slightly lower accuracy, while being approximately 5 times more
ecient in terms of computational cost.
Chapter 3 addresses the problem of ecient evaluation of semi-innite range integrals
involving products of Bessel functions of the rst kind and an arbitrary order. Numerous
practical problems in electromagnetics, acoustics, hydrodynamics and many other elds give
rise to this type of integrals (see [22{25] among others). These integrals are notoriously
dicult to evaluate, and typically no analytical solution is known. Their direct integration is
unacceptably computationally expensive (due to irregularly oscillating and slowly converging
integrands), or even impossible (in the case of divergent integrands). The algorithm proposed
herein makes use of the New WA method (presented in detail in Chapter 2) for extrapolation
on a sequence of partial sums obtained after applying integration-then-summation technique,
and requires rewriting the product of N Bessel functions as the sum of 2N 1 asymptotically
simply oscillating functions. Numerical results have been presented to demonstrate the
superior performance of the method. Furthermore, since the proposed technique is justied
by the asymptotic trigonometric behavior of Bessel functions, it was shown that the method
can be straightforwardly generalized to innite integrals involving also products of sine/cosine
functions and Bessel functions of the second kind and an arbitrary order. The additional
diculty for the integrals containing Bessel function of the second kind (due to its singularity
at the origin) was worked out as well. The proposed method remains valid even when the
integrands are not converging, but are dened only in the sense of Abel's summability.
Finally, the optimization of planar multilayered antennas has been treated in Chapter 4,
where the Particle Swarm Optimization (PSO) algorithm and its hybridization, called Tour-
nament Selection Particle Swarm Optimization (TS-PSO) algorithm, have been introduced,
implemented and compared. Our research was focused on exploring in detail the potentials of
the PSO algorithm and on further improving its convergence. The PSO algorithm has several
advantages when compared to other evolutionary algorithms: it is robust, easy to implement
and has relatively fast convergence. Nevertheless, further improvement of its convergence
properties is always welcome. More precisely, when used for the optimization of EM problems,
reduction of the overall number of iterations (EM solver calls) is of paramount importance,
since the EM simulation is usually the most time-consuming part of the optimization cycle.
For that reason, the tournament selection, which has been very successfully used in Genetic
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Algorithm (GA), has been incorporated in the classical PSO algorithm. For the purpose
of comparing the performances of these two methods on planar multilayered problems, we
have developed an interface between the optimizer and the robust in-house EM solver [9, 26],
specially tailored to model multilayered structures of our interest. The optimization of
three dierent structures has been considered: a microstrip antenna, an SSFIP antenna
and a broadside-coupled lter. The obtained results show that the tournament selection
signicantly improves the convergence of the PSO algorithm.
5.2 Perspectives
This thesis has solved several problems in the ecient simulation and optimization of multi-
layered planar structures. However, there are always further possible improvements that can
be carried out in addition to the developments presented herein. These and the new ideas that
resulted from the work performed during this thesis are discussed in the following paragraphs.
This thesis has considered conventional layered media consisting of double positive (DPM)
or right-handed (RHM) materials. However, there is an increasing interest of our community
in layered media including metamaterials (MTMs), i.e., materials with negative magnetic
permeability ( < 0) and/or dielectric permittivity (" < 0). The MTM layers could represent
a formidable challenge to numerical techniques currently being used in the context of SIs.
Indeed, in addition to ordinary modes, which exist in the case of DPM, MTM multilayered
structures support also evanescent surface (ES) and complex surface (CS) modes. Their
existence must be taken into account when evaluating the SIs.
More precisely, the CS poles will not contribute to the SI if the integration is performed
along the real-axis path. However, if the integration contour is deformed into the rst
quadrant of the complex spectral k-plane, the contribution of those CS poles lying between
the integration contour and the real k-axis, must be taken into account. Clearly, this calls
for the calculation of residues at captured poles. Furthermore, the SI tail might not be
anymore singularity free (depending on the operation frequency, thicknesses and electrical
characteristics of the substrates), due to the possible existence of ES poles. Obviously, when
evaluating the SI tail, special care must be taken for the ES poles lying on the real axis. One
possible way to tackle this problem is to simply deform the integration contour around ES
poles (staying always in the rst quadrant of the complex spectral k-plane). In this case the
eect of the path deformation to the methods for evaluating the SI tails must be examined.
Another alternative way would be to extract the ES poles from the spectral domain GFs and
to add their contribution a posteriori, in spatial domain, with the help of suitable integral
identities. In this case, the methods for evaluation of the SI tails, proposed in Chapter 2
of this thesis, can be straightforwardly applied to the remaining singularity-free tail, but a
robust method for pole extraction is a critical point.
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In Chapter 2 we have developed several very ecient methods for the numerical evaluation
of SIs. It was shown that the real-axis integration of the rst part of SIs combined with the
pole extraction [19] and the DE quadrature signicantly reduces the computational time,
when compared to the traditional half-sine path integration. For the evaluation of the SI
tails, two methods were presented: New WA method and the DE quadrature. Although
these methods are very ecient, further improvement of their convergence characteristics is
always welcome. For example, it was shown that the DE quadrature formulas for evaluation
of SI tails are vefold more ecient in terms of the computational time, when compared to
the WA methods. However, the results obtained using the DE quadrature formulas, although
very good, are still slightly less accurate than the ones obtained by using WA methods.
Further improvement of the convergence properties/accuracy of the DE quadrature formulas
could lead to a method yielding the accuracy of the WA algorithms, but with signicant
advantage in terms of the computational time. The possible way to address this problem has
been suggested in [27], for the DE formulas targeting integrals with end-point singularities
(which we have used in the evaluation of the rst part of SIs). A similar approach for
the convergence improvement of the DE quadratures targeting the SI tails is worth being tried.
The Particle Swarm Optimization algorithm has been introduced for the optimization of
multilayered planar antennas. Moreover, by applying the tournament strategy, traditionally
used in GA, to the PSO, we managed to further improve algorithm performance. However, it is
well-known that the PSO algorithm, and generally all the evolutionary algorithms, have several
heuristic parameters that directly inuence their behavior. The literature oers some exper-
imentally determined \default" values of these parameters, which provide very good results
for a large variety of problems. However, typically these parameters are problem-dependent
and dened by the user. Therefore, their proper choice depends on the user experience and
the available information about the problem at hand. Fine tuning of these parameters can
improve the algorithm performance. Also, it could happen that the user fails to provide the
algorithm with the appropriate set of parameters, causing lower performance, or in extreme
cases even failure of the optimization algorithm. In order to tackle this problem, a composite
\self-learning" PSO algorithm, in which the choice of the heuristic PSO parameters will be
replaced by an automatic algorithm, is very much desired. This would result in a much more
robust tool without the need of tuning in advance the critical algorithm parameters. The
composite PSO algorithm, in which the manipulation of the heuristic PSO parameters was
assigned to double-evolutionary (DEV) algorithm has been already proposed in [28]. Essen-
tially, the PSO algorithm is solving the optimization problem, while the DEV algorithm is
running as a background procedure, tuning the heuristics of the PSO. The performance of
this composite DEV-PSO method was tested on several mathematical functions, tradition-
ally used as benchmark problems for optimization algorithms. The DEV-PSO algorithm was
shown to surpass the success rates of the classical PSO, detecting the global minimum in all
experiments (including those in which the classical PSO with the default values of heuristic
parameters was performing poorly). Of course, the total number of function evaluations was
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larger. However, the promise of having such a robust optimization algorithm, which is able
always (after a nite number of iterations) to nd the global minimum of a given problem,
completely compensates this overload. It would be very interesting to test this new DEV-PSO
algorithm in the context of optimization of EM problems. Also, in order to fully explore the
possibilities of composite algorithms, other optimization methods are worth being tested in
the role of the algorithm which is tuning PSO heuristic parameters. Finally, let us point out
that this strategy is very interesting for optimization problems for which no a priori infor-
mation is available (for example, in new areas of engineering, where we have not gathered
enough experience), as it will most likely lead us, at the end of the day, to the solution that
satises our requirements. Of course, for optimization problems about which, based on the
past experience, we have enough a priori information in order to be able to star the search
from a \good" starting point, gradient-based algorithms are a better choice, since they would
certainly require less iterations.
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